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Date of Request: June 5, 2024 Request No. DPS-274
Due Date: June 17, 2024 NG Request No. NG-291

T

ROM:

TO:
SUBJECT:

Request:

Niagara Mohawk Power Corporation d/b/a National Grid
Case No. 24-E-0322 & 24-G-0323
Data Request

Request for Information

NYPSC - John Castano

National Grid

Uncollectibles

In all interrogatories, any requests for workpapers or supporting calculations shall be construed as
requesting any Word, Excel, or other computer spreadsheet models in original electronic format
with all formulae intact and unlocked.

1. On page 59 of its direct testimony of the Customer Panel, the Company states: "[it] is
proposing a two-way uncollectible expense reconciliation mechanism that would reconcile
the uncollectible expense recovered in base rates against actual net write-offs."

a.

Explain the difference between:

I. bad debt expense;

ii. uncollectible expense;

iii. net write-offs;

iv. arrears balances; and

V. arrears accounts receivable.

Does the Company agree that, for ratemaking purposes, the uncollectible expense
reflected in revenue requirement is determined based on net-write offs? If not,
provide an explanation of the Company's position.

Explain how a reconciliation mechanism will neither hinder nor dis-incentivize the
Company to enhance its collection strategies.

2. On pages 62-65 of its direct testimony of the Customer Panel, the Company uses a variety
of collection activities and strategies to manage the collection process and minimize
uncollectible expenses. More specifically, the Company employed five components:
Accounting Initiation, Account Management, Field Collections, Residential Account
Management, and Final Bill management.

Form 103
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a. For each collection activity mentioned above, identify the in-service date.

b. For each collection activity mentioned above, explain how the activity has reduced,
or positively impacted the Company's net write-offs.

C. Is the Company seeking additional full time equivalent (FTES), or contractors to
assist with the Company's collection processes?

I. If yes, identify the number of requested FTEs, the position (e.g., field
collection staff), and how the position would enhance the Company's
collection process.

d. Outside of the COVID-19 pandemic, does the Company believe its
collection strategies will generally become more efficient over time?

ii. If not, explain why the Company has not altered its collection strategies to
become more efficient.

3. In the same format as Exhibit__ (CP-5), Schedules 1-3, provide a schedule for Calendar

Years 2017-2021.

4, In the same format as Exhibit__ (CP-5), Schedules 1-3, provide a schedule from January 1,
2024-April 1, 2024.

a.

Response:

1. a.

Form 103

Provide an updated response on a monthly basis.

“Bad debt expense” includes two components: (i) actual accounts that have been
written-off as uncollectible, and (ii) changes to the bad debt reserve to account for
“doubtful” accounts. “Bad debt expense” is not used in the calculation of the proposed
uncollectible expense reconciliation.

The terms “uncollectible expense” and “write-offs” are used to describe the net amount
of money that is written-off. A write-off typically occurs when an account is finaled as
a result of the customer moving, or in cases when an account is terminated for non-
payment and does not reconnect.

“Arrears” and “arrears accounts receivable” refer to the unpaid balance of the account or
total amount due from the customer.

Yes, the Company agrees that for ratemaking purposes, the uncollectible expense
reflected in revenue requirement is determined based on net-write offs.

The reconciliation mechanism proposed in this case will neither hinder nor
disincentivize the Company from enhancing its collection strategies. The Company has
an obligation to act prudently, which includes undertaking efforts to minimize
uncollectible expense and assist customers with managing their arrears. Not doing so
could result in customer dissatisfaction and higher call volumes and complaints,
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potentially triggering negative revenue adjustments under the Customer Performance
Incentive Mechanism. To that end, the direct testimony of the Customer Panel, as well
as the response below, describes the robust collection strategies the Company
undertakes — and will continue to undertake — in the Rate Year and beyond to manage
uncollectible expense.

The purpose of the proposed reconciliation mechanism is to address the uncertainty with
forecasting uncollectible expense in the aftermath of the global COVID-19 pandemic.
As explained by the Customer Panel, the prohibition of terminations of customers for
non-payment during the pandemic resulted in anomalous uncollectible rates during the
period thereafter. As a result, the Company developed its forecast using calendar years
2022-2023. While the Company believes these years serve as a reasonable basis upon
which to forecast expense in the Rate Year and Data Years, it is difficult to accurately
project the costs. In that regard, recent rate plans approved by the Commission have
included similar reconciliations because of this uncertainty. It is the Company’s
understanding that Consolidated Edison Company of New York, Inc., Orange and
Rockland, Central Hudson Gas & Electric Corporation, New York State Electric & Gas
Corporation, and Rochester Gas and Electric Corporation have reconciliation
mechanisms in place for all or part of their current rate plans. The mechanism proposed
by the Company here aligns with recent precedent and is specifically intended to protect
both customers and the Company given the variability, uncertainty, and difficulties
associated with forecasting post-pandemic uncollectible expense. The proposal also
aligns with the Company’s compliance filing made on February 21, 2023 in Case 14-M-
0565 to establish a two-way reconciliation mechanism associated with uncollectible
expense under Niagara Mohawk’s current rate plan, helping to enable the Company to
offset any over-recovery of uncollectible expense against the Arrears Management
Program, Phase 2 costs to be collected from customers.

For these reasons, the Company does not believe the proposed two-way uncollectible
expense reconciliation mechanism provides a disincentive to enhance collection
strategies.

Below are the in-service dates for each collection activity mentioned.

Account Initiation: Enhanced Account Initiation was implemented in the Customer
Service System (“CSS”) in June 2009.

Account Management: The Portfolio Management Package (“PMP”) was implemented
in CSS on June 20, 2008.

Field Collections: Niagara Mohawk has used CSS to manage its field collections
strategy since its implementation in 1999.

Residential Account Management: The Residential Account Management collection
strategy was implemented in 2016 and was expanded in September 2023.

Final Bill Management: The Company has managed final accounts for decades.
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Account Initiation

The primary purpose of Account Initiation is to address the bad debt risk associated with
the residential service application process by preventing fraudulent applications.
Obtaining accurate and reliable information from an individual reduces the risk and
benefits downstream functions such as Credit and Collections.

Account Initiation primarily consists of the following elements: positive identification
and the resolution of uncollected balances. Each of these elements is discussed in
additional detail below.

Positive Identification: National Grid attempts to verify the identity of all parties who
apply for new or additional service. When the Company is unable to verify the
individual’s identity during initial contact with the Company, the individual may be
required to provide written documentation that supplements their verbal service
application. The written documentation is then reviewed and validated by the
Company’s Offline Work Group before the service application is approved. This
process ensures that notifications and bills are issued to the rightful party and increases
the likelihood of receiving payment for services rendered, which in turn decreases the
Company’s bad debt.

Uncollected Balance(s): National Grid uses the Experian PINpoint product to associate
a service applicant with any uncollected balance(s) incurred for previous accounts, even
when name variations exist. Individuals who have not had active service within the past
60 days are required to settle (i.e., pay or make arrangements on, as applicable)
uncollected balances before their service application would be approved. Holding
individuals accountable for their uncollected balances decreases existing bad debt and
mitigates the increase of additional bad debt.

Data Hygiene: The enhanced Account Initiation implemented in the CSS system
includes the Data Hygiene process. As part of Data Hygiene, if a customer passes away,
Experian will provide the Company the deceased customer’s date of death. This, in
turn, assists internal efforts to transition active accounts from a deceased individual’s
name to the current party responsible for the service. Additionally, as part of Data
Hygiene, National Grid updates an account’s mailing address under certain
circumstances using information provided by Experian. As with Positive Identification,
ensuring that notifications and bills are issued to and received by the rightful party
increases the likelihood of receiving payment for services rendered and decreases the
Company’s bad debt.

Account Management

The Account Management process uses an Experian hosted scoring mechanism to
determine the level of risk associated with an account. The risk score is developed using
customer data internal to National Grid only and determines the collections path that an
account will follow. A high-risk account will remain on the standard collections
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treatment path timeline, while a low-risk account that just entered collections may be
provided more time to “self-cure” (i.e., pay before collection action is initiated).

As part of the account management process, a champion/challenger strategy is used
whereby half of the accounts within a given risk score go through the champion
collection activities while the other half go through a different path (challenger).
Periodically, the results of each path are compared to determine which path was more
effective in resolving customer accounts. The more effective path becomes the new
“champion” and a new “challenger” path is created. This allows for flexing strategies to
determine the strategy that is most effective at reducing accounts receivable and future
write-offs/uncollectible expense.

Field Collections

Field Collections in accordance with the Home Energy Fair Practices Act (“HEFPA”)
reduce and positively impact the Company’s uncollectibles by collecting payments from
customers or disconnecting service. Disconnecting the service prevents the account
from accruing higher balances, which would result in higher uncollectibles. Many
customers who have their service disconnected subsequently establish a payment
agreement with the Company to have their service restored, which positively impacts
uncollectibles.

Residential Account Management

Residential Account Management specializes in direct engagement via phone call and
email with high-balance residential accounts who require extra assistance in reducing
their balances. It focuses on building relationships with the customers to provide
financial options and assistance, improve the customer experience, and help to avoid
service terminations.

Final Bill Management

Final Bill Management is the process of collecting final or written-off accounts with the
assistance of outside collection agencies. Only unpaid final bills are sent to outside
collections. All recoveries from collection agencies are a direct reduction to
uncollectible expense.

No, the Company is not seeking additional FTEs or contractors.

Yes, the Company continually reviews results from the strategies and adjusts the
strategies accordingly. Some examples include the recently implemented text
messaging to customers with mobile phone numbers who are behind on their bills. The
Company is also planning to implement an enhanced email campaign to improve the
customer experience and collect overdue balances more efficiently. While these
strategies may improve efficiency, the Company is still collecting on historically larger
arrears balances since the COVID-19 pandemic, which is offsetting efficiencies gained.
The Company expects it to take at least four years to work these balances down.
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3. Please see Attachment 1 for schedules covering calendar years 2017-2021.

4. Please see Attachment 2 for schedules covering January 1, 2024-April 1, 2024.

Name of Respondent: Date of Reply:
Jeff Koenig June 17, 2024
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Period
Jan-17
Feb-17
Mar-17
Apr-17
May-17
Jun-17
Jul-17
Aug-17
Sep-17
Oct-17
Nov-17
Dec-17
12 Months Ending
December 31, 2017

Jan-18

Feb-18

Mar-18

Apr-18

May-18

Jun-18

Jul-18

Aug-18

Sep-18

Oct-18

Nov-18

Dec-18
12 Months Ending
December 31, 2018

Jan-19
Feb-19
Mar-19
Apr-19

May-19

Jun-19

et al.

Niagara Mohawk Power Corporation d/b/a National Grid
Electric Business
Net Charge Off

For Periods January 2017 through December 2021

(A) (B)

Net Tariff

Charge Off Revenue
$ 27177 $ 203,014.3
1,619.3 191,419.9
1,290.8 176,419.2
1,583.2 175,463.1
2,243.8 172,142.8
3,488.6 181,677.0
3,398.3 206,496.2
5,589.4 208,687.7
4,669.3 190,125.2
4,061.2 181,540.1
3,402.0 173,699.8
3,084.2 190,132.5
$ 37,1479 $ 2,250,817.8
$ 294152 $ 232,850.3
(12.2) 224,140.9
996.6 188,630.0
622.5 162,640.7
1,826.1 155,726.6
2,793.6 174,009.6
3,405.2 212,495.8
5,015.1 215,425 4
3,859.9 214,030.9
3,951.1 182,470.4
3,307.6 162,094.3
3,666.7 190,132.5
$ 32,373.6 $ 2,314,647.2
$ 2,959 $ 204,109.3
1,187.3 196,263.6
2,031.6 182,159.0
492.5 160,591.1
1,357.0 160,483.0
2,472.7 157,373.5

($000's)

©

LPC
Revenue
$ 1,111.4  $
1,023.3
1,201.5
931.4
860.4
1,060.3
986.6
1,156.3
1,053.1
1,054.7
1,196.6
926.0

$  12,561.6 $

1,1855 $
1,323.8
986.0
937.6
1,090.0
681.8
864.0
1,114.8
1,214.4
986.7
1,277.0
926.0

$ 12,587.7 $
$ 1,215.0 §
1,151.4
1,150.2
1,084.3
1,167.7
693.5

D)
(B +C)

Non-ESCo
Revenue
204,125.7
192,443.2
177,620.8
176,394.5
173,003.2
182,737.3
207,482.7
209,843.9
191,178.3
182,594.8
174,896.4
191,058.5

2,263,379.4
234,035.9
225,464.7
189,616.0
163,578.3
156,816.6
174,691.4
213,359.8
216,540.2
215,245.3
183,457.0
163,371.3
191,058.5

2,327,234.9
205,324.3
197,415.0
183,309.2
161,675.4
161,650.7
158,067.0

$

$
$

$
$

(E)

ESCo
Revenue
27,343.7
22,804.0
23,492.8
18,860.8
20,618.1
24,300.0
26,228.9
28,676.3
23,937.3
22,628.4
20,488.1
24.412.6

283,791.0
32,039.4
26,665.2
24,295.0
21,972.6
20,011.8
22,665.2
27,818.6
32,630.7
25,908.6
25,6359
20,0944
23,806.3

303,543.7
28,833.3
25,367.1
24,379.6
20,595.6
19,777.7
20,037.7

$

$
$

$
$
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(F)
(D +E)

(G)
(A /F)

Uncollectible
Rate

Adjusted

Revenue
231,469.4
215,247.2
201,113.5
195,255.3
193,621.3
207,037.4
233,711.6
238,520.3
215,115.5
205,223.2
195,384.6
215,471.1

2,547,170.4
266,075.2
252,129.9
213,911.0
185,550.9
176,828.3
197,356.6
241,178.4
249,170.9
241,153.9
209,092.9
183,465.7
214,864.8

1.4584%

2,630,778.6 1.2306%
234,157.6
222,782.2
207,688.8
182,271.0
181,428.4

178,104.8
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Jul-19

Aug-19

Sep-19

Oct-19

Nov-19

Dec-19
12 Months Ending
December 31, 2019

Jan-20

Feb-20

Mar-20

Apr-20

May-20

Jun-20

Jul-20

Aug-20

Sep-20

Oct-20

Nov-20

Dec-20
12 Months Ending
December 31, 2020

Jan-21

Feb-21

Mar-21

Apr-21

May-21

Jun-21

Jul-21

Aug-21

Sep-21

Oct-21

Nov-21

Dec-21

12 Months Ending
December 31, 2021

4,008.0
5,032.2
4,158.7
3,495.6
3,086.1
2,581.9

$ 32,869.5
$  2,507.8
1,362.7
1,118.0
667.3
(43.2)
2,254.2
333.9

136.8
1,017.0
953.5

648.1
1,632.1

$ 12,588.2
$  1,465.3
1,520.7
992.9
1,585.6
1,885.2
1,955.5
1,967.6
2,034.5
1,914.9
2,115.6
2,922.1
3311.5

$ 23,6713

et al.

199,201.4
221,546.6
192,193.4
157,590.1
164,953.2
195,729.9

$ 2,192,194.3
$ 208,728.0
183,593.9
174,169.1
162,749.4
166,051.0
188,139.5
241,986.9
237,234.7
212,757.3
181,311.0
185,979.1
215,060.8

$ 2,357,760.7
$ 230,971.0
228,629.6
208,920.8
193,067.0
171,300.1
217,413.5
263,494.9
264,113.7
268,269.2
219,316.7
196,147.7
238,917.3

$ 2,700,561.5

1,106.6
925.9
981.9
965.9

1,014.9
740.0

$  12,197.3
$ 1,098.3
1,158.2

542.7
(11.2)
(60.1)
(106.5)

3.7
2.1)
(2.7)
(0.7)
(1.0)
(1.0)

$ 2,617.6
$ (2.0)
(0.6)
(0.8)
(0.1)
(0.2)
(0.7)
(0.1)
(5.3)
(0.1)
(0.0)
(0.0)
(0.1)

©@© &L

200,308.0
222,472.6
193,175.3
158,556.1
165,968.1
196,469.9

2,204,391.6
209,826.3
184,752.1
174,711.8
162,738.2
165,991.0
188,033.0
241,990.6
237,232.7
212,754.6
181,310.4
185,978.0
215,059.7

2,360,378.3
230,968.97
228,629.0
208,920.0
193,066.9
171,299.9
217,412.8
263,494.8
264,108.3
268,269.1
219,316.7
196,147.7
238,917.1

25,498.5
27,324.2
22,889.8
20,860.3
17,450.1
23,777.6

$ 276,791.6

$

26,992.0
21,263.2
22,536.1
19,499.9
18,774.2
21,931.7
29,849.6
27,064.7
23,277.6
19,130.2
16,850.8
23,749.8

$ 270,919.8

$

23,529.6
22,249.8
22,287.3
18,961.7
16,631.3
21,529.8
26,238.6
26,788.1
28,686.6
21,297.4
19,757.2
24,716.2
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225,806.5
249,796.8
216,065.1
179,416.4
183,418.2
220,247.5

2,481,183.3
236,818.3
206,015.3
197,247.9
182,238.1
184,765.2
209,964.7
271,840.2
264,297.3
236,032.2
200,440.6
202,828.8
238,809.5

2,631,298.2
254,498.6
250,878.8
231,207.3
212,028.6
187,931.2
238,942.6
289,733.3
290,896.4
296,955.7
240,614.1
215,904.9
263,633.3

$ (10.1) $ 2,700,551.4 $ 272,673.5 $ 2,973,224.9

Page 2 of 6

1.3248%

0.4784%

0.7961%
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Period
Jan-17
Feb-17
Mar-17
Apr-17
May-17
Jun-17
Jul-17
Aug-17
Sep-17
Oct-17
Nov-17
Dec-17
12 Months Ending
December 31, 2017
Jan-18
Feb-18
Mar-18
Apr-18
May-18
Jun-18
Jul-18
Aug-18
Sep-18
Oct-18
Nov-18
Dec-18
12 Months Ending
December 31, 2018
Jan-19
Feb-19
Mar-19

et al.

Niagara Mohawk Power Corporation d/b/a National Grid
Gas Business

Net Charge Off
For Periods January 2017 through December 2021
($000's)
(A) (B) © (D) (E)
B+0)
Net Tariff LPC Non-ESCo ESCo
Charge Off Revenue Revenue Revenue Revenue
$ 8582 % 73,620.8 $ 2348 §$ 73,855.6 $ 12,4379
511.4 73,103.9 256.2 73,360.1 11,070.0
407.6 72,032.9 358.7 72,391.6 12,111.9
499.9 60,687.9 288.2 60,976.1 8,141.1
708.6 38,659.4 251.1 38,910.6 4,450.2
1,101.7 30,076.9 248.8 30,325.7 2,644.6
1,073.2 23,327.1 174.0 23,501.1 1,543.6
1,765.1 22,320.8 155.8 22,476.6 1,554.7
1,474.5 23,080.2 120.1 23,200.3 1,651.9
1,282.5 25,246.4 121.1 25,367.5 1,930.1
1,074.3 39,753.7 149.4 39,903.1 5,004.5
921.2 59,757.9 161.3 59,919.2 10,179.1
$ 11,6782 $ 541,667.7 $ 2,519.6 $ 544,187.3 $§ 72,719.7
$§ 87864 $ 86,6443 § 2580 $ 86,9023 $§ 17,084.5
(3.6) 84,450.6 377.5 84,828.1 12,886.5
297.7 75,944.5 280.9 76,225.4 11,309.4
185.9 71,043.5 283.9 71,327.4 10,366.0
545.5 46,818.4 356.6 47,175.0 5,300.1
834.4 28,648.7 164.0 28,812.7 2,133.7
1,017.1 23,906.7 166.2 24,072.8 1,576.5
1,498.0 22,243.0 152.5 22,395.5 1,484.0
1,153.0 23,342.0 138.4 23,480.4 1,425.7
1,180.2 28,713.1 102.7 28,815.8 2,854.3
1,044.5 48,501.5 161.2 48,662.8 6,748.6
1,157.9 77,006.9 197.2 77,204.1 11,127.7
$ 9,789.2 § 617,263.3 $ 2,639.2 $ 619,902.5 $§ 84,297.0
$ 936.6 $ 94284.6 $ 3285 §$ 94,613.1 $ 14,741.8
374.9 89,149.4 367.4 89,516.8 13,905.7
641.6 75,996.5 389.5 76,386.0 12,741.8
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(F)
(D +E)

G)
(A/F)

Uncollectible
Rate

Adjusted
Revenue
$ 86,293.5
84,430.1
84,503.4
69,117.2
43,360.8
32,970.3
25,044.7
24,031.4
24,852.1
27,297.5
44.907.6
70,098.3
$ 616,907.0 1.8930%
$ 103,986.8
97,714.6
87,534.8
81,693.4
52,475.1
30,946.5
25,649.4
23,879.5
24.,906.1
31,670.1
55,4114
88,331.9

$ 704,199.4
$ 109,354.9
103,422.6
89,127.8

1.3901%
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Apr-19

May-19

Jun-19

Jul-19

Aug-19

Sep-19

Oct-19

Nov-19

Dec-19
12 Months Ending
December 31, 2019

Jan-20

Feb-20

Mar-20

Apr-20

May-20

Jun-20

Jul-20

Aug-20

Sep-20

Oct-20

Nov-20

Dec-20
12 Months Ending
December 31, 2020

Jan-21

Feb-21

Mar-21

Apr-21

May-21

Jun-21

Jul-21

Aug-21

Sep-21

Oct-21

Nov-21

Dec-21

12 Months Ending
December 31, 2021

155.5
428.5
780.8
1,265.7
1,589.1
1,313.3
1,103.9
1,084.3
907.2

$ 10,5814 $

$ 88110 $
478.8
392.8
2345
(15.2)
792.0
117.3
48.1
357.3
335.0
204.7
515.4

$ 43418 §

$ 462.7 §
480.2
313.5
500.7
595.3
617.5
621.3
642.5
604.7
668.1
776.8
880.3

$ 7,163.7 $

et al.

59,090.6
41,157.2
28,893.9
22,7443
22,355.5
23,056.3
27,718.2
43,556.0
63,560.8

591,563.3 §
75,0143 $
72,806.4
64,626.2
48,953.3
39,168.6
27,489.4
23,337.2
21,600.5
23,464.7
27,805.5
43,945.1
57,458.7

525,669.9 $
72,519.5 $
82,856.5
79,067.6
61,574.2
41,979.0
31,100.3
25,918.3
27,940.1
27,055.1
30,849.1
55,408.5
90,331.4

626,599.6 $

355.8

355.7
190.7
215.7
122.9
111.2
114.2
142.4
175.9

2,870.0 $
2511 $
3114 $
161.0 $
0.6) $
0.5) $
0.6) $
(1.9) $
0.1) $
(1.0) $
©.1) $
0.2) $
0.1) $

718.3 $
03) $
(0.1)
(0.0)
(0.0)
(0.3)
(0.0)
(0.1)
(0.0)
(0.0)
(0.0)

(0.0)

0.9) $

Exhibit__ (SCSP-1)
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Niagara Mohawk Power Corporation

d/b/a National Grid
Case No. 24-E-0322 & 24-G-0323
DPS-274 Attachment 1

Page 4 of 6
59,446.4 7,918.0 67,364.4
41,512.9 4,314.6 45,827.6
29,084.6 2,296.5 31,381.1
22,960.0 1,293.9 24,253.9
22,478.5 1,215.8 23,694.3
23,167.5 1,286.1 24,453.6
27,832.4 2,357.5 30,189.9
43,698.4 4,871.9 48,570.3
63,736.7 9,769.3 73,506.0
594,433.3 $§ 76,7131 §  671,146.4 1.577%
752654 § 11,2635 § 86,528.9
73,117.8 10,455.6 $ 83,573.4
64,787.2 9,210.1 $ 73,997.3
48,952.7 6,241.5 § 55,194.1
39,168.1 4,353.8 $ 43,521.9
27,488.8 1,810.2 $ 29,299.0
23,3353 1,1854 § 24,520.7
21,600.4 9255 % 22,525.9
23,463.7 1,1979 $ 24,661.6
27,805.4 1,958.2 $ 29,763.6
43,944.9 36919 § 47,636.8
57,458.5 74469 § 64,905.4
526,388.3 $ 59,740.5 $§  586,128.7 0.7408%
72,519.19 '$ 93499 § 81,869.1
82,856.4 10,258.4 93,114.8
79,067.6 9,889.3 88,956.9
61,574.2 5,655.3 67,229.5
41,978.7 3,306.1 45,284.8
31,100.3 1,830.4 32,930.7
25,918.2 1,261.4 27,179.6
27,940.1 1,205.9 29,146.0
27,055.0 1,305.2 28,360.2
30,849.1 1,637.5 32,486.6
55,408.5 4,140.6 59,549.1
90,331.4 8,763.4 99,094.9
626,598.7 $§ 58,603.5 $ 685,202.2 1.0455%
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Niagara Mohawk Power Corporation

d/b/a National Grid

Case No. 24-E-0322 & 24-G-0323

DPS-274 Attachment 1

Page 5 of 6

Niagara Mohawk Power Corporation d/b/a National Grid
Residential Uncollectibles and Terminations
For Periods January 2017 through December 2021

Period Terminations Uncollectibles
Jan-17 898 $3,462,771.89
Feb-17 1,728 $2,009,341.00
Mar-17 1,560 $1,538,297.22
Apr-17 5,275 $1,850,928.40
May-17 8,695 $2,808,185.45
Jun-17 9,506 $4,409,836.09
Jul-17 8,003 $4,294,703.44
Aug-17 9,989 $7,165,150.30
Sep-17 9,141 $5,865,145.13
Oct-17 6,984 $5,740,593.68
Nov-17 518 $3,426,412.68
Dec-17 251 $3,881,202.94
Jan-18 483 $3,583,897.41
Feb-18 1,075 $30,582.01
Mar-18 530 $1,082,849.22
Apr-18 4,482 $471,100.62
May-18 10,054 $2,212,465.38
Jun-18 8,643 $3,242,589.33
Jul-18 6,265 $4,148,805.78
Aug-18 7,730 $6,215,032.63
Sep-18 6,892 $4,806,485.91
Oct-18 5,445 $4,638,507.82
Nov-18 5 $4,102,710.32
Dec-18 4 $4,434,837.62
Jan-19 58 $3,535,037.00
Feb-19 214 $1,265,830.70
Mar-19 180 $1,861,625.76
Apr-19 4,146 $482,133.27
May-19 8,444 $1,668,544.55
Jun-19 9,059 $3,005,301.55
Jul-19 10,377 $4,729,676.82
Aug-19 9,205 $6,472,376.21
Sep-19 7,647 $5,140,028.73
Oct-19 3,937 $4,493,092.88
Nov-19 50 $3,810,403.88

Dec-19 21 $3,269,758.01
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Niagara Mohawk Power Corporation
d/b/a National Grid

Case No. 24-E-0322 & 24-G-0323
DPS-274 Attachment 1

Period Terminations Uncollectibles Page 6 of 6
Jan-20 2 $3,101,648.08
Feb-20 76 $1,607,033.98

Mar-20 258 $1,263,000.99
Apr-20 - $685,136.38
May-20 - -$97,979.22
Jun-20 - $2,739,981.34
Jul-20 - $304,425.80
Aug-20 - $129,157.21
Sep-20 - $783,472.09
Oct-20 - $1,321,533.43
Nov-20 - $816,248.90
Dec-20 - $1,774,789.40
Jan-21 - $2,364,802.32
Feb-21 - $1,513,184.69
Mar-21 - $951,095.22
Apr-21 - $1,475,554.14
May-21 - $2,184,372.26
Jun-21 - $2,386,866.26
Jul-21 - $2,193,251.01
Aug-21 - $2,404,187.29
Sep-21 - $2,378,517.25
Oct-21 - $2,622,190.55
Nov-21 - $3,545,452.04

Dec-21 - $3,978,415.67
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Niagara Mohawk Power Corporation d/b/a National Grid

Electric Business - Net Charge Off

For Periods January 2024 through April 2024

Exhibit  (SCSP-1)
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Niagara Mohawk Power Corporation

d/b/a National Grid

Case No. 24-E-0322 & 24-G-0323

DPS-274 Attachment 2

Page 1 of 4

($000's)
(A) (B) ©) (D) (E) (F) G)
(B+C) (D+E) (A/F)
Net Tariff LPC Non-ESCo ESCo Adjusted Uncollectible
Period Charge Off Revenue Revenue Revenue Revenue Revenue Rate
Jan-24 $ 5,650.6 $ 276,993.9 $ 1,489.5 % 278,483.4 $ 31,3924 $ 309,875.8
Feb-24 3,430.7 274,429.7 1,828.0 276,257.7 28,183.9 304,441.5
Mar-24 2,309.8 255,267.3 1,332.2 256,599.4 24,791.9 281,391.4
Apr-24 2,859.6 236,615.8 1,464.5 238,080.3 25,880.4 263,960.6
May-24
Jun-24
Jul-24
Aug-24
Sep-24
Oct-24
Nov-24
Dec-24
12 Months Ending December 31, 2024 $ 14250.8 $ 1,043,306.6 $ 6,114.1 § 1,049,420.8 $ 110,248.5 $ 1,159,669.3 1.2289%
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Niagara Mohawk Power Corporation

d/b/a National Grid

Case No. 24-E-0322 & 24-G-0323

DPS-274 Attachment 2

Page 2 of 4
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Niagara Mohawk Power Corporation
d/b/a National Grid
Case No. 24-E-0322 & 24-G-0323
DPS-274 Attachment 2
Page 3 of 4
Niagara Mohawk Power Corporation d/b/a National Grid
Gas Business - Net Charge Off
For Periods January 2024 through April 2024
(5000's)
(A) (B) ©) (D) (E) (F) (&)
(B+0O) (D+E) (A/F)
Net Tariff LPC Non-ESCo ESCo Adjusted Uncollectible
Period Charge Off Revenue Revenue Revenue Revenue Revenue Rate
Jan-24 $ 1,687.9 $ 94,505.7 2937 § 94,799.5 $ 6,710.7 $ 101,510.2
Feb-24 1,024.8 101,110.7 360.8 101,471.4 6,534.3 108,005.8
Mar-24 690.0 88,250.8 388.0 88,638.7 5,547.3 94,186.0
Apr-24 854.2 72,989.2 358.8 73,348.1 4,675.9 78,023.9
May-24
Jun-24
Jul-24
Aug-24
Sep-24
Oct-24
Nov-24
Dec-24
12 Months Ending December 31, 2024 $ 4256.7 $ 356,856.4 $ 1,401.3 § 358,257.7 $ 23,4682 $ 381,725.9 1.1151%




Cases 24-E-0322,

Niagara Mohawk Power Corporation d/b/a National Grid

et al.

Residential Uncollectibles and Terminations
For Periods January 2024 through April 2024

Period Terminations

Jan-24
Feb-24
Mar-24
Apr-24
May-24
Jun-24
Jul-24
Aug-24
Sep-24
Oct-24
Nov-24
Dec-24

27
179
588

6,626

Uncollectibles

$6,342,330.92
$3,753,911.72
$2,487,509.52
$3,097,384.24
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Niagara Mohawk Power Corporation

d/b/a National Grid

Case No. 24-E-0322 & 24-G-0323

DPS-274 Attachment 2

Page 4 of 4
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Date of Request: June 14, 2024 Request No. DPS-302
Due Date: June 24, 2024 NG Request No. NG-322

Niagara Mohawk Power Corporation d/b/a National Grid
Case No. 24-E-0322 & 24-G-0323
Data Request

Request for Information

FROM: NYPSC - Chrystie Stafford

—

O: National Grid

SUBJECT: Customer Service Performance Indicators (CSPI) - Call Center Staffing

Request:

In all interrogatories, any requests for workpapers or supporting calculations shall be construed
as requesting any Word, Excel or other computer spreadsheet models in original electronic
format with all formulae intact and unlocked.

1. For each month of the last 5 years (2019, 2020, 2021, 2022, and 2023), provide the
following:

a. The number of internal employees who were going through training for
employment with the in-house call center(s);

b. The number of trained, in-house, call center full-time equivalents (FTES) who
regularly take customer calls;

C. The number of trained, in-house, customer service FTEs who answer Public
Service Commission (PSC) complaints and/or regularly perform tasks other than
taking calls;

d. The number of internal customer service staff, including call-takers, who left the

Company or changed their position within the Company;

e. The average daily number of external call center employees utilized by the
Company's third-party vendor(s);

f. The number of customer service representative (CSR) positions the Company
allocated for the call center(s);

g. The number of vacant CSR positions in the call center(s).

2. For each month of the last 5 years (2019, 2020, 2021, 2022, 2023), provide the number
of hours worked for the following positions:

Form 103
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a. Trained, in-house call center employees.
b. External call center employees through the Company's third-party vendor(s).

3. For each month of the last 5 years (2019, 2020, 2021, 2022, 2023), provide the following
number of FTE positions:

a. Meter readers employed at the Company, both in-house and through the
Company's third-party vendor(s) (separately state in-house and third-party).

b. In-house meter readers who left the Company or changed their position within the
Company to a non-meter reader position.

4. As of December 31 of each of the past 5 calendar years (2019, 2020, 2021, 2022, 2023),
provide the minimum, average, and maximum length of time that call center staff have
been employed with the Company.

Response:
1. a. Please see the table below for the monthly breakdown of in-house, call center full-
time equivalents (“FTES”) who were going through training for employment.
Please note the Company has this data only for 2020 through to 2023.
2020 2021 2022 2023
January 21 11 19 10
February 36 11 18 8
March 17 13 16 0
April 17 31 18 22
May 21 27 16 30
June 6 24 27 9
July 6 11 14 8
August 5 15 11 15
September 5 39 19 15
October 0 37 16 27
November 0 36 15 29
December 11 33 28 35
b. Please see the table below for the monthly breakdown of trained, in-house, call

center FTEs who regularly take customer calls. Please note the Company has this
data only for 2020 through to 2023.
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2020 2021 2022 2023
January 150 135 168 123
February 149 134 161 117
March 166 133 158 109
April 164 127 160 105
May 159 116 149 101
June 156 124 145 116
July 154 129 154 108
August 149 129 146 109
September 145 123 134 100
October 146 158 131 93
November 142 151 122 97
December 143 143 113 105

Please see the table below for the monthly breakdown of trained, in-house,
customer service FTEs who answer Public Service Commission (“PSC”)
complaints and/or regularly perform tasks other than taking calls:

2019

2020

2021

2022

2023

January

February

March

April

May

June

July

August

September

October

November

December

SV ENIEN] ENIEN] EN] ENTENIEN]EN] ENTEN

SV ENIEN] ENIEN] EN]ENIENIEN]EN] ENTEN

ENIENIENTEN] ENIENI ENI ENI ENT ENI ENG BN

SV ENIEN] ENIEN] EN]ENTENIEN]EN] ENTEN

ENIEN]ENTENI ENIENI ENI EN] ENT ENI NG BN

Please see the table below for the monthly breakdown of internal customer service
staff, including call-takers, who left the Company or changed their position within

the Company in the last four years. Please note, the Company has this data only
from 2020 through to 2023.

2020 2021 2022 2023
January 4 6 8 8
February 5 2 8 8
March 3 11 5 16
April 2 11 16 5
May &) 12 14 6
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2020 2021 2022 2023
June 3 7 6 7
July 2 9 5 10
August 4 10 11 7
September 5 6 14 10
October 5 5 6 9
November 5 8 8 4
December 6 8 10 1

Page 22 of 136

Please see the table below for the monthly breakdown of average daily number of

external call center employees utilized by the Company's third-party vendors.

2019 2020 | 2021 2022 2023
January o1 186 126 186 154
February 58 186 141 143 130
March 50 174 151 158 145
April 49 147 175 199 182
May 72 129 163 187 197
June 68 133 148 203 213
July 76 125 190 230 236
August 81 115 232 186 217
September 69 128 228 196 224
October 94 121 263 203 223
November 67 120 254 197 223
December 65 127 238 167 217

Please see the table below for the monthly breakdown of customer service

representative (“CSR”) positions allocated for the Niagara Mohawk call center.

Please note, the Company has this data only from 2020 through to 2023.

2020 2021 2022 2023

January 182 158 202 150
February 196 157 194 142
March 194 159 189 126
April 192 171 193 144
May 191 159 179 148

June 173 163 187 142

July 171 155 182 133
August 164 159 172 141
September 162 177 168 131
October 157 210 162 136
November 153 202 154 142
December 165 191 158 156

Form 103




Cases 24-E-0322, et al. Exhibit (SCSP-1)

Page 23 of 136

g. Please see the table below for the monthly breakdown of vacant call center CSR
positions. Please note the Company has this data only from 2020 through to 2023.

2020 2021 2022 2023
January 0 -14 0 -26
February 0 -3 0 -4
March 0 0 0 -13
April 0 0 0 -5
May 0 0 0 0
June 0 0 0 0
July 0 -7 -13 -9
August 0 -14 2 -12
September 0 -17 -3 -16
October 0 -7 -1 -10
November -20 0 0 -8
December -7 0 -11 -7
2. a. Please see the table below for the monthly breakdown of hours worked by trained,
in-house call center employee representative. Please note the Company has
provided the readily available data for April 2021 through the close of calendar year
2023.
2021 2022 2023
January 19,540 12,121
February 17,595 11,663
March 21,229 15,902
April 14,501 20,025 11,496
May 14,420 22,361 13,962
June 16,604 21,305 13,329
July 16,208 18,692 15,924
August 17,711 21,093 16,493
September 17,307 20,698 17,484
October 22,253 21,377 17,823
November 22,416 23,816 21,925
December 24,804 30,944 18,969
b. Please see the table below for the monthly breakdown of hours worked by external
call center employees through the Company’s third-party vendors.
2019 2020 2021 2022 2023
January 8,083 30,323 20,742 30,591 26,677
February 9,288 30,320 23,104 23,492 20,079
March 8,035 28,449 24,659 25,997 24,325
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April 7,856 24,092 28,695 32,680 25,662

May 11,505 21,119 26,775 30,623 31,096

June 10,802 21,643 24,303 33,172 30,257

July 12,153 20,514 31,233 37,692 34,366

August 12,914 18,876 38,143 30,387 38,494

September 11,036 20,858 37,485 32,064 33,486

October 15,039 19,734 43,280 33,177 35,473

November 10,653 19,669 41,824 32,257 33,360

December 10,407 20,790 39,196 27,362 32,626
3. a. Please see the tables below for the monthly breakdown of in-house meter readers

employed at the Company and those employed through the Company’s third-party
vendors.

In-House Meter Readers:

2019 2020 2021 2022 2023

January 37 37 37 35 37
February 37 37 37 36 35
March 37 37 37 36 35
April 36 37 37 37 35
May 37 37 37 36 34

June 37 37 37 35 34

July 37 37 37 36 34
August 37 37 36 37 33
September 37 37 36 37 32
October 37 37 36 37 33
November 37 37 36 37 33
December 37 37 35 37 34

Third-Party Vendor Meter Readers:

2019 2020 2021 2022 2023

January 0 0 0 0 0
February 0 0 0 0 0
March 0 0 0 0 0
April 0 0 0 0 0
May 0 0 0 0 0
June 0 0 0 0 0
July 0 0 0 0 0
August 0 0 0 0 0
September 0 0 0 0 0
October 0 0 0 0 0
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2019 2020 2021 2022 2023
November 0 0 0 0 0
December 0 0 0 0 0

Please see the tables below for the monthly breakdown of in-house meter readers
who left the Company or changed their position within the Company to a non-
meter reader position.

In-House Meter Readers who left the Company:

2019 2020 2021 2022

N
o
N
w

January

February

March

April

May

June

July

August

September

October

November

OO0 |0|0O|0O|0O|0O|k,r|O|O|O
OO0 |0|0O|0O|0O|0O|0O|0O|O|O
O|O|O|0O|0O|0O|0O|0O|O|O|O|O
OO0 |0|0O|0O|0O|0O|0O|0O|O|O
RPOO|0O|O0O|O|0O|O|O|O|O|O

December

In-House Meter Readers who changed their position within the Company:

2019 2020 2021 2022

N
o
N
w

January

February

March

April

May

June

July

August

September

October

November

OO0 0O|0O|0O|0O|0O|0O|O|O|O
OO0 0O|0O|0O|0O|O|0O|O|O|O
RP|IOOO|R,|IO0O|0O|0O|O|O|O
O|IO|IOFRP|IFLPINOIFRP|IO|IOIN|O

ellellelilelleliel] Jl Jlellelle]le]

December

2020
Min:
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Max: 49 Years, 1 Month, 24 Days

Avg: 6 Years, 1 Month, 27 Days

2021

Min: 1 Day

Max: 35 Years, 3 Months, 19 Days

Avg: 2 Years, 8 Months, 18 Days

2022

Min: 12 Days

Max: 40 Years, 3 Months

Avg: 1 Year, 11 Months, 6 Days

2023

Min: 1 Day

Max: 36 Years, 6 Months, 4 Days

Avg: 3 Years, 10 Months, 4 Days
Name of Respondent: Date of Reply:
Jim MacVicar June 24, 2024

Kadian Brown
Jeffrey Knighton
Julianne Pease
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Date of Request: June 24, 2024 Request No. DPS-369
Due Date: July 5, 2024 NG Request No. NG-398

Niagara Mohawk Power Corporation d/b/a National Grid
Case No. 24-E-0322 & 24-G-0323
Data Request

Request for Information

FROM: NYPSC - Chrystie Stafford

—

O: National Grid

SUBJECT: Billing - Customer Payments
Request:

In all interrogatories, any requests for workpapers or supporting calculations shall be construed as
requesting any Word, Excel, or other computer spreadsheet models in original electronic format
with all formulae intact and unlocked.

1. Specify each method of bill payment (e.g., walk-in offices, online portal, postal mail,
Western Union/NYCE), and form of payment (e.g., electronic check, cash, credit card, and
debit card and Electronic Benefits Transfer (EBT) card payments) that the Company makes
available to residential customers.

2. Provide a breakout of the residential customer fee per transaction for each of the payment
methods/forms identified in response to question (1).

3. Provide a breakout of the per-transaction cost to the Company for each residential customer
payment method/form identified in response to question (1).

4. For each of the past five full calendar years (2019, 2020, 2021, 2022, and 2023), provide the
total number of payments made through each payment method/form listed in response to
question (1). Include in your response the percentage of total payments that each type
represents per year.

Response:

1. Please see Attachment 1, column A for each payment method available to residential customers.
Additional information on the ways customers can pay their bill is also available on the
Company’s website at https://www.nationalgridus.com/upstate-ny-home/billing-
payments/ways-to-pay.aspx.

2. Please see Attachment 1, column B for a breakdown of the residential customer per-transaction
fee for each of the payment methods identified in column A.
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3. Please see Attachment 1, column C for a breakdown of the per-transaction cost to the Company
for each of the residential customer payment options identified in column A.

4. Please see Attachment 1, columns D-M for the total number of payments made for each payment
type listed in column A, and the percentage of total payments each type represents per year.
Please note that the Company expanded digital pay options, such as Venmo, Apple Pay, PayPal,
and Google Pay effective in January 2024. As such, there is no historical information regarding
customer use of those digital payment options.

Name of Respondent: Date of Reply:
Jeff Koenig July 5, 2024
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2019

2020

2021

2022

Customer Payment Methods

Customer Cost Per Payment ($)

Company Cost Per Payment ($)

Payment Volumes

Percent to Total

Payment Volumes

Percent to Total

Payment Volumes

Percent to Total

Payment Volumes

Percent to Total

Payments Payments Payments Payments
Direct Pay (Auto Pay) - Customer can enroll in this auto payment
method that allows the customer to setup their checking/savings $0.00 S0.04* 1,705,984 10% 1,736,359 11% 1,562,120 10% 1,844,338 12%
account to have their monthly company bill automically paid.
One-Time Web Payment/Recurring Web - Customers can use
their checking/savings account to make one-time payment on the
Company's website. NMPC customers can enroll in a simliar auto
pany's Webs! Hot o1 I asimiiarad $0.00 $0.04* 3,682,666 23% 4,014,043 26% 4,524,176 29% 4,903,479 31%
pay method at Direct Pay but this auto pay option gives more
flexibility to customers to decide payment date and amount they
want to pay.
IVR/PaybyPhone - Customers can call into the Company's
interactive voice recognition phone number system to make a
payment using their checking/savings account. Customer can $0.00 $0.04* 792,684 5% 633,815 4% 644,879 4% 641,803 4%
also call into a Call Center and with help from a CSR can make a
payment using their checking/savings account.
Home Banking/Third-Party Payment Consolidators (JP Morgan | Unknown - This would depend on the customers
Chase Electronic Lockbox) - Customers can pay through their own|bank and/or if the customer is using a third-party
. i . $0.04 1,868,015 11% 2,122,252 14% 2,131,066 14% 2,059,385 13%
personal bank. Customers can also pay via other third-party payment processor that does not have a direct
payment processors that accept taking the company payments. relationship with the Company.
ACH/ Wire Payments Bank Statement - The Company can
( y , o P .y Unknown - This would depend on what the
provide customers the Company's banking information so ,
. customer's bank charges them to send the S0.04* 701,027 4% 757,219 5% 748,126 5% 640,893 4%
customers can send the an ACH/Wire payment to the company company an ACH/Wire
bank account directly. pany '
Credit/Debit Card Payments - Customers can make a credit/debit
d t via the Speed ACI bsite, Speed IVR, and .
car paymenlwa e Spee pay (ACl) website, Speedpay and 1¢q 75 for making a card payment up to $1,300.00
the Company's mobile app that connects to the Speedpay .
) - Customer can make 5 payments in a 30 day
website. eriod. This fee covers the cost to process the
P ' , P $0.00 1,434,634 9% 980,479 6% 1,025,727 7% 1,215,553 8%
. . payment plus PCl compliance, support, and
*Please note that the Company expanded digital pay options, ) .
. projects/enhancements made with Speedpay
such as Venmo, Apple Pay, PayPal, and Google Pay effective in ,
. S . (ACI) services for customers.
January 2024. As such, there is no historical information
regarding customer use of those digital payment options.
Checks - Lockbox Processor - Customers can mail a check to our
. . C , ) (] /) ) (¢ ] ’ o ] ’ o
$0.00 $0.07 per check 5,250,770 32% 4,779,324 31% 4,430,175 28% 4,070,832 25%
Lockbox processor to make a payment.
Western Union Walkin Locations - Customers can go to a $0.00 $1.25 per payment 847,131 5% 644,299 4% 598,186 4% 620,716 4%
Western Union Location and make a payment via Cash/Check. ' - perpay ’ 0 ’ 0 ’ ° ’ 0
Grand Total 16,282,911 15,667,790 15,664,456 15,996,999

*This only covers the cost of processing the payment. This does not include maintaining systems (WEB/IVR, Kiosks) or manual labor costs (ACH/Wire payments bank statement/Customer Offices) to process some payments.
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Date of Request: June 24, 2024 Request No. DPS-389
Due Date: July 5, 2024 NG Request No. NG-418

Niagara Mohawk Power Corporation d/b/a National Grid
Case No. 24-E-0322 & 24-G-0323
Data Request

Request for Information

FROM: NYPSC - Joshua Trichon

—

O: National Grid

SUBJECT: Payment Method - Credit Card, Debit Card, Alternative Payment Methods

Request:

In all interrogatories, any requests for workpapers or supporting calculations shall be construed
as requesting any Word, Excel, or other computer spreadsheet models in original electronic
format with all formulae intact and unlocked.

1.  On page 66 of the Customer Panel testimony, the Company states that its customers use
credit cards, debit cards, and alternative payment methods (Apple Pay, Google Pay,
PayPal, and Venmo) to pay their bill. For the past three years (2021, 2022, and 2023),
provide the following information, separately for each listed payment method.

a. The percentage of customers who pay by credit card, debit card, or alternative
payment method (Apple Pay, Google Pay, PayPal, and Venmo), separated by type
of payment method;

b. The total number of customers who pay by credit card, debit card, or alternative
payment method (Apply Pay, Google Pay, PayPal, and Venmo), separated by type
of payment method;

C. The total number of Energy Affordability Program (EAP) customers utilizing each
payment type for each calendar year, separated by type of payment method.

2. Page 3 of Exhibit__(CP-6) shows that the Company anticipates an 80 percent increase in
payments made by credit card and debit card in the Rate Year under a no-fee model.
Provide all studies and documentation that support the Company's forecast under the
proposed no-fee model.

3. Confirm if the Company will continue to use Speedpay as its vendor for credit card, debit
card, or alternative payment method transactions under the no-fee model.

a. If so, provide Speedpay's fee per transaction and the annual cost the Company pays
for its services.
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b. If not, identify the vendor the Company uses, the vendor's fee per transaction, and
the annual cost the Company pays for its services.

4.  Provide the current fees charged to the customer that the Company applies for each of the
following payment methods:
a. credit cards;
b. debit cards; and,
C. alternative payment methods (Apply Pay, Google Pay, PayPal, and Venmo).
5. Provide the following information for customers who pay using credit cards, debit cards,
and alternative payment methods, separately for each payment type.
a. Percentage and total amount of customers who make multiple payments, and incur
multiple fees, per statement balance in one billing period.

6.  Provide any survey results the Company has performed regarding no fee payment options.

a. Identify the number of surveys sent and the response rate. Specify whether the
surveys were sent to Niagara Mohawk residential customers, or all Niagara
Mohawk customers.

Response:

1. a The Company does not track the percentage of customers who pay by credit card,
debit card, or an alternative payment method; however, the Company does track
the percentage of payments.

Please refer to Attachment 1 to the response to DPS-369 for a history of payments
from 2021-2023. The alternative payment methods were implemented in January
2024; therefore, there is no data for alternative payment methods for this period.
b. The total number of customers who pay by credit card, debit card, or alternative
payment method is not tracked by the Company; however, the Company does
track the number of transactions.
Please refer to Attachment 1 to the response to DPS-369 for a history of payments
from 2021-2023. The alternative payments were implemented in January 2024;
therefore, there is no data for alternative payment methods for this period.
C. The Company does not track the total number of EAP customers utilizing each
payment type for each calendar year.
2. The Company does not have any formal studies. The 80 percent projected increase is the

Company’s best estimate based on feedback from other utilities who have adopted a no-
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fee model. That feedback indicates they have experienced an increase to adoption rates
of between 50% - 100% under a no-fee model. Because of the uncertainty associated
with customer adoption, the Company is proposing a two-way reconciliation of these

costs.

3. Currently, there are no plans on moving from Speedpay as a vendor.

a.

Form 103

Speedpay’s fee is currently $1.75 for residential customers but will increase to
$1.85 in August of this year. If approved for this no fee proposal the Company
will work with Speedpay to apply for the VISA utility rate that would lower that
fee based on the merchant fees and fee agreement with Speedpay. There is no
annual cost to the Company for the services that Speedpay provides.

Not applicable

Speedpay’s fee is currently $1.75 for residential customers but will increase to $1.85
in August of this year.

Speedpay’s fee is currently $1.75 for residential customers but will increase to $1.85
in August of this year.

Speedpay’s fee is currently $1.75 for residential customers but will increase to $1.85
in August of this year.

The Company was able to obtain this data for the past three months. Please see the
table below for the percentage and total amount of customers who make multiple
payments, and incur multiple fees, per statement balance in one billing period.

Mar-24 | Apr-24 | May-24
Multiple CC Payments 4,001 4,683 3,367
Multiple DC Payments 1,674 1,787 2,024
Total CC/DC Payments 118,035 | 122,953 | 119,159
Percentage of Multiple Payments
Resulting in Multiple Fees 4.81% 5.26% 4.52%
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The Company has not conducted any surveys with customers specifically around
the no fee payment option. It has received feedback through other surveys focused
on the overall payment experience where customers have expressed frustration
regarding having to pay a fee when using a credit/debit card.

Name of Respondent: Date of Reply:
Jeff Koenig July 5, 2024
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Date of Request: July 3, 2024 Request No. DPS-479
Due Date: July 15, 2024 NG Request No. NG-509

Niagara Mohawk Power Corporation d/b/a National Grid
Case No. 24-E-0322 & 24-G-0323
Data Request
Request for Information

ROM: NYPSC - Chrystie Stafford

n

—

O: National Grid

SUBJECT: Information Technology (IT) — Customer Service System (CSS) Enhancements

Request:

In all interrogatories, any requests for workpapers or supporting calculations shall be construed
as requesting any Word, Excel, or other computer spreadsheet models in original electronic
format with all formulae intact and unlocked.

Referring to the CSS Enhancements described on page 76-78 of the Customer Panel's direct
testimony:

1. Provide a detailed breakdown of the capital expenditure costs that will be allocated to
Niagara Mohawk, by category (e.g., hardware, software, equipment, etc.), projected for
the Fiscal Years (FY) ending March 31, 2026 (FY26), March 31, 2027 (FY27), March
31, 2028 (FY28), and March 31, 2029 (FY29), separately for gas and electric.

2. Provide a detailed breakdown of the operations and maintenance costs that will be
allocated to Niagara Mohawk, by category (e.g., internal labor, external labor, software
updates, consulting contracts, support contracts, etc.), projected for the FY26, FY27,
FY28, and FY29, separately for gas and electric.

3. Provide a detailed breakdown of the rent costs projected for Niagara Mohawk only for
FY26, FY27, FY28, and FY29.

4, Provide a detailed timeline, with specific or estimated dates, to implement this program.

5. Describe in detail if the Company has identified any resourcing constraints for this
program and explain how such identified constraints will be addressed.

a. As part of your response, explain the Company's strategy for ensuring adequate
resources are available to work on the program during the specified time-period.

6. Describe in detail any risks associated with this program that the Company identified
and explain how these risks will be managed and mitigated.
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a. As part of your response, provide the Company's risk management plan developed
as part of the program.

Explain in detail if this program shares any interdependencies with other programs,
processes, and/or systems.

a. Include a description of the required sequence for implementing such programs,
processes, and systems, and how the Company will address such sequencing.

Provide the Company's governance structure for implementing the program, including the
names and titles of the people who will be implementing the program, as well as the
identity of the executive sponsor.

Provide a specific description of the technology utilized for the program, including
whether it is a custom build or a commercial off-the-shelf solution.

Provide the Company's benefit cost analysis for the proposed program.

Describe the Company's approach for developing cost estimates for this program, and
provide supporting documentation (e.g., quotes, analyses, etc.) assumptions, and
methodology used.

Explain whether the Company evaluated any alternatives to this program and include an
explanation of why the Company ultimately chose this option versus an alternative.

Explain in detail how the Company's selected program solution compares with other
utilities' solutions, and with industry standards.

Page 77 of the Customer Panel's direct testimony describes four enhancements.
Regarding these enhancements, explain:

a. whether there is a prioritization among the four enhancements;
b. whether there is an optimal sequencing of deploying these enhancements; and
C. the proportional cost of each of these enhancements?

Explain whether there are anticipated savings to result from these technology
investments. If yes, describe:

where in the Companies' cost structure will the savings manifest;

whether they are one-time or ongoing savings;

when the savings will occur;

whether there are conditions that are required for the cost savings to be realized
(milestones met, dates met, other systems work completed, etc.); and

e. what form the cost savings will take (reduction in number & dollar amounts of
support contracts for maintaining legacy systems, fewer FTEs, lower software
costs, etc.).

cooe
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16.  What is the long-term plan for maintenance (costs as well as support strategy) and the
Company's approach to mitigating technology obsolescence risk?

Response:

Please note that what was referred to as CSS Enhancements at pages 76-78 of the Customer
Panel’s direct testimony should have been referred to as CSS/Customer Information System
(“CI1S™) enhancements. As described on page 76 of the Customer Panel’s direct testimony,
National Grid is implementing the CRIS to CSS consolidation project so that all of National
Grid’s U.S. customers will benefit from the efficiencies of a single customer system — CSS. As
part of the project, the Company must make certain improvements to the existing CSS system.
Information concerning the costs of those improvements is set forth on Exhibit __ (ITDP-4) at 1
(See reference to CSS Enhancements FY 25) and Exhibit __ (ITDP-8) at 47-53.

In addition, as also discussed by the Customer Panel at page 77, lines 9-21 of its direct
testimony, the Company is also proposing a number of enhancements to its overall CIS platform
that will both maintain the reliability of the existing CIS platform and provide the ability to
continue to modify the system to support changes required by the clean energy transition. The
costs of these investments are set forth on Exhibits __ (ITDP-4) at 6 (See reference to CIS
Enhancements) and (ITDP-8) at 750-757. This clarification will be discussed in the Company’s
corrections and updates testimony.

1. Please see Exhibit__(ITDP-8), pages 750 through 757 of 1611, which provides the
Company’s Sanction Estimation Template (“SET”), SET-1099 for the CIS
Enhancements. The SET is an updated investment analysis tool to better align early
project development information with the overall Information Technology and Digital
(*IT&D”) sanctioning process. The SET captures key attributes of proposed future
investments, including the investment description, supporting cost estimation
calculations, scope, timing (Releases-Deliverables & Milestones), alternatives, and the
expected benefitting company.

The detailed breakdown of capital expenditures by fiscal years ending March 31, 2026,
through March 31, 2029, is $48.98 million as shown at page 752 of SET-1099 and
Exhibit__ (ITDP-4) to the IT&D Panel’s testimony. Please note that the SET is a point in
time document that includes expected spend each year while Exhibit__ (ITDP-4) reflects
capital costs based on the anticipated in-service dates for purposes of calculating the
revenue requirements. Thus, the total capital amounts are the same in SET-1099 and
Exhibit__(ITDP-4), but the annual amounts may show slight differences.

As shown in the SET, the Company followed a cost causal allocation methodology, using
cost allocator C903, which allocates the costs of the CIS Enhancements investment
across all National Grid’s gas and electric U.S. operating companies. The C903 allocator
distributes costs based on the meters installed to National Grid’s retail companies. The
allocator includes the following percentage allocations to the following operating
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companies:
Operating Companies % Allocation
NMPC Electric 25.58%
NMPC Gas 9.66%
KEDNY 19.55%
KEDLI 9.39%
MECO-E 21.09%
NANTUCKET 0.22%
BOSTON Gas 11.24%
COLONIAL Gas 3.27%
2. The SET provides detailed project operations and maintenance (“O&M”) expenditures

and run-the-business (“RTB”) costs on page 752. The total FY26 through FY?29 project
O&M expense and RTB costs for this investment is $5.78 million and $1.64 million,
respectively, as shown in the SET and Exhibit__(ITDP-5) to the direct testimony of the
IT&D Panel.

3. The detailed projected CIS Enhancements Service Company rent expense for Niagara
Mohawk for electric and gas, respectively, are listed below:

Rent Costs FY26 FY27 FY28 FY29
ELECTRIC $0 $88,509 $821,469 $1,841,816
GAS $0 $33,425 $310,218 $648,643

4. Please see page 751 of SET-1099 for the detailed timeline (Releases — Deliverables &
Milestones) including deliverable description and plant-in-service dates.

5. Please see page 751 (Dependencies, Potential Risks & Assumptions) of SET-1099 for
any potential resourcing constraints and how such potential constraints will be addressed.
There are currently no resource constraints identified; however, should constraints arise
during implementation, this will be managed through resource augmentation either using
internal skilled resources who can support the effort without impacting other deliverables
and/or via approved vendors with the proper skills sets and experience to deliver on this
investment.

6. Please see page 751 (Dependencies, Potential Risks & Assumptions) of SET-1099 for
any identified potential risks associated with this investment and how such potential risks
will be mitigated and managed. The product/project teams use various tools to track a
project’s progress, risks, and challenges as they arise. Those tools include project
Risks/Actions/Issues/Decisions (“RAID”) logs, Microsoft Project Online, and RAID
tooling capabilities within Jira, a project management software tool. As the project team
works to mitigate or remediate risks, continuous status updates are provided to senior
product directors who then assist in managing and escalating to the appropriate Chief
Information Technology and Digital Officer (“CIDO”), as needed. All portfolios across
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IT&D are required to hold recurring portfolio performance check in meetings, where
portfolio leadership, IT&D Planning and Strategy, IT&D Finance, and IT&D Regulatory
teams review updates on investments and outcomes delivered, risks and mitigating
actions, and a financial summary. Following portfolio performance check-in meetings,
quarterly portfolio performance reviews with IT&D leadership are conducted. In the
quarterly review, each of the CIDOs builds on the feedback provided at the portfolio
performance check-in and discuss portfolio performance. Typically, the National Grid
US CIDO and New York CIDO attend and help determine if a project requires additional
support or intervention to complete.

As identified in DPS-478 Attachment 1 (Mapping ITP-4 (July 3, 2024)
Interdependencies), rows 585 through 589 of column E, the CIS Enhancements
investment does not share any interdependencies with other investments.

The delivery of the CIS Enhancements will be managed by a project team within
National Grid’s US Customer function, led by the US CIDO identified on page 750 of
SET-1099 with direction and oversight by the New York CIDO. In addition to IT&D
leadership oversight, an executive in the US Customer Operations organization, also
identified on page 750, will support this investment and both IT&D and the US Customer
organization will be responsible for delivery and investment outcomes. The technical
delivery of CIS Enhancements will be owned by Riziel Cruz-Bower, Director of CIS
Platform Products.

Each of the Enhancement Concepts/Opportunities that have been described within SET-
1099 will go through a formal technology evaluation and solution blueprinting process
where vendor technologies offerings will be evaluated against the specific requirements
and capability needs. The rate engine component is an off-the-shelf component that will
be procured to deliver the required functionality and capabilities. A rate engine will allow
the Company to leverage a best-in-breed solution to not only deliver existing rates, but
also build, test, and implement modern rate structures needed to deliver the goals and
aspirations of our clean energy future while decreasing the time and investment required
to bring new rates to market. This technology will also allow the Company to take stress
off the core CSS platform by moving all rates to a separate application.

SET-1099 provides a detailed benefit cost analysis (“BCA”) on pages 752 and 756
including the different options explored for the project. Qualitative Type 2 benefits are
listed on page 13 of Exhibit__ (ITDP-7).

SET-1099 provides the cost estimate analysis for labor costs on page 754 and non-labor
costs on page 755. Estimates are based on historical spends and assessments of future
resource and service requirements to implement solutions for mandates, compliance, and
enhancement initiatives. Cost estimates for the rate engine component were received
from a third-party consultant that has supported numerous CIS projects and other utility
industry software implementations. The estimate received was updated to include all
software, labor, necessary consultancy support projections, and contingency.

Please see page 753 of SET-1099 for the alternatives the Company evaluated for this
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investment and the respective reasons of choice and includes the estimated cost of the
alternative solutions.

National Grid’s CIS platform, including the CSS system, provides billing system
capabilities for customers and is similar in nature to other utilities with comparable
customer billing requirements. National Grid continues to evaluate the marketplace to
add or complement capabilities to the overall CIS platform.

a. Upon completion of the technical assessments, a prioritization of the items will be
determined.

b. Please see the answer to question 14a.
C. Please refer to SET-1099, which provides the cost breakdown for each item.

The Company performed a comprehensive review of all IT projects to identify and capture
any potential savings in the revenue requirements. All SETs contain a benefits
calculation. If the IT investment will deliver financial benefits, those benefits are captured
in the revenue requirements either through a reduction to total RTB expenditures (if the
benefit is specific to the IT function) or separately as part of National Grid’s Efficiency
Initiatives (if the project will deliver reductions across the business). This review and
presentation of IT benefits is explained in more detail at pages 15-16 of 66 of the ITDP’s
direct testimony. As shown in the SET (at page 752 and 756 of 1611 of Exhibit
(ITDP-8)) and page 13 of Exhibit ___ (ITDP-7), while the CIS Enhancements investment
will deliver qualitative Type 2 benefits such as enhancements to support AMI enabled
programs such as bill alert notifications or better enable more complex billing
arrangements, there are no Type 1 financial savings associated with this project.

All technology implementations, changes and enhancements are required to go through an
architectural review and analysis to ensure technology obsolescence risk is mitigated. In
addition, the Company’s sanctioning process ensures appropriate review and approval
which includes review by the IT&D Solution Design Authority to ensure proposals are
aligned with IT&D obsolescence roadmaps and guidelines. The CIS Platform has a
production support team in place to ensure continuity of service. The Company
continuously works to ensure the platforms reliability, stability, and resiliency and this
investment is a cornerstone for the future long-term plan in addressing technology
obsolescence for the overall CIS Platform.

Name of Respondent: Date of Reply:

Maria Lykos July 15, 2024
Najat Coye
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Request No. DPS-481
NG Request No. NG-511

Niagara Mohawk Power Corporation d/b/a National Grid
Case No. 24-E-0322 & 24-G-0323
Data Request

Request for Information

NYPSC - Chrystie Stafford

National Grid

SUBJECT: Information Technology (IT) - Billing and Collections Mandates

Request:

In all interrogatories, any requests for workpapers or supporting calculations shall be construed
as requesting any Word, Excel, or other computer spreadsheet models in original electronic
format with all formulae intact and unlocked.

Referring to the Billing and Collections Mandates program described on pages 34-35 of the
Information Technology and Digital Panel's direct testimony:

1.

Provide a detailed breakdown of the capital expenditure costs that will be allocated to
Niagara Mohawk, by category (e.g., hardware, software, equipment, etc.), projected for
the Fiscal Years (FY) ending March 31, 2026 (FY26), March 31, 2027 (FY27), March
31, 2028 (FY28), and March 31, 2029 (FY29), separately for gas and electric.

Provide a detailed breakdown of the operations and maintenance costs that will be
allocated to Niagara Mohawk, by category (e.g., internal labor, external labor, software
updates, consulting contracts, support contracts, etc.), projected for the FY26, FY27,
FY28, and FY29, separately for gas and electric.

Provide a detailed breakdown of the rent costs projected for Niagara Mohawk only for
FY26, FY27, FY28, and FY29.

Provide a detailed timeline, with specific or estimated dates, to implement this program.

Describe in detail if the Company has identified any resourcing constraints for this
program and explain how such identified constraints will be addressed.

a. As part of your response, explain the Company's strategy for ensuring adequate
resources are available to work on the program during the specified time-period.

Describe in detail any risks associated with this program that the Company identified and
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explain how these risks will be managed and mitigated.

a. As part of your response, provide the Company's risk management plan
developed as part of the program.

Explain in detail if this program shares any interdependencies with other programs,
processes, and/or systems.

a. Include a description of the required sequence for implementing such programs,
processes, and systems, and how the Company will address such sequencing.

Provide the Company's governance structure for implementing the program, including
the names and titles of the people who will be implementing the program, as well as the
identity of the executive sponsor.

Provide a specific description of the technology utilized for the program, including
whether it is a custom build or a commercial off-the-shelf solution.

Provide the Company's benefit cost analysis for the proposed program.

Describe the Company's approach for developing cost estimates for this program, and
provide supporting documentation (e.g., quotes, analyses, etc.) assumptions, and
methodology used.

Explain whether the Company evaluated any alternatives to this program and include an
explanation of why the Company ultimately chose this option versus an alternative.

Explain in detail how the Company's selected program solution compares with other
utilities' solutions, and with industry standards.

Explain whether there are anticipated savings to result from these technology
investments. If yes, describe:

a. where in the Companies' cost structure will the savings manifest;

b. whether they are one-time or ongoing savings;

C. when the savings will occur;

d. whether there are conditions that are required for the cost savings to be realized

(milestones met, dates met, other systems work completed, etc.); and

e. what form the cost savings will take (reduction in number & dollar amounts of
support contracts for maintaining legacy systems, fewer FTEs, lower software
costs, etc.).

What is the long-term plan for maintenance (costs as well as support strategy) and the
Company's approach to mitigating technology obsolescence risk?
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Response:

1.

Please see Exhibit__ (ITDP-8), pages 654 through 661 of 1611, which provides the
Company’s Sanction Estimation Template (“SET”), SET-1070 for the Billing and
Collections Mandates. The SET is an updated investment analysis tool to better align
early project development information with the overall Information Technology and
Digital (“IT&D”) sanctioning process. The SET captures key attributes of proposed
future investments, including the investment description, supporting cost estimation
calculations, scope, timing (Releases-Deliverables & Milestones), alternatives, and the
expected benefitting company.

The detailed breakdown of capital expenditures by fiscal years March 31, 2026, through
March 31, 2029, is $89.25 million as shown at page 656 of SET-1070 and

Exhibit__ (ITDP-4) to the IT&D Panel’s testimony. Please note that the SET is a point in
time document that includes expected spend each year while Exhibit__ (ITDP-4) reflects
capital costs based on the anticipated in-service dates for purposes of calculating the
revenue requirements. Thus, the total capital amounts are the same in SET-1070 and
Exhibit__(ITDP-4), but the annual amounts may show slight differences.

As shown in the SET, the Company followed a cost causal allocation methodology, using
cost allocator C903, which allocates the costs of the Billing and Collections Mandates
investment across all National Grid’s gas and electric U.S. operating companies. The
C903 allocator distributes costs based on the meters installed to National Grid’s retail
companies. The allocator includes the following percentage allocations to the following
operating companies:

Operating Companies % Allocation
NMPC Electric 25.58%
NMPC Gas 9.66%
KEDNY 19.55%
KEDLI 9.39%
MECO-E 21.09%
NANTUCKET 0.22%
BOSTON Gas 11.24%
COLONIAL Gas 3.27%

The SET provides detailed project operations and maintenance (“O&M?”) expenditures
and run-the-business (“RTB”) costs on page 656. The total FY26 through FY?29 project
O&M expense and RTB costs for this investment are $7.89 million and $11.302 million,
respectively, as shown in the SET and Exhibit__(ITDP-5) to the direct testimony of the
IT&D Panel.

The detailed projected Billing Collections Mandates Service Company rent expense for
Niagara Mohawk for electric and gas respectively are listed below:
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Rent Costs FY26 FY27 FY28 FY29
ELECTRIC $295,143 $1,736,724 $2,839,856 $3,825,633
GAS $111,458 $655,854 $1,072,440 $1,444,707

4. Please see page 655 of SET-1070 for the detailed timeline (Releases — Deliverables &
Milestones) including deliverable description and plant-in-service dates.

5. Please see page 655 (Dependencies, Potential Risks & Assumptions) of SET-1070 for any
potential resourcing constraints and how such potential constraints will be addressed.
There are currently no potential resource constraints identified; however,
should constraints arise during implementation, this will be managed through resource
augmentation either using internal skilled resources who can support the effort without
impacting other deliverables and/or via approved vendors with the proper skills sets and
experience to deliver on this investment.

6. Please see page 655 (Dependencies, Potential Risks & Assumptions) of SET-1070 for any
identified potential risks associated with this investment and how such identified potential
risks will be mitigated and managed.

The product/project teams use various tools to track a project’s progress, risks, and
challenges as they arise. Those tools include project Risks/Actions/Issues/Decisions
(“RAID”) logs, Microsoft Project Online, and RAID tooling capabilities within Jira, a project
management software tool. As the project team works to mitigate or remediate risks,
continuous status updates are provided to senior product directors who then assist in
managing and escalating to the appropriate Chief Information Technology and Digital
Officer (“CIDQ”), as needed. All portfolios across IT&D are required to hold recurring
portfolio performance check-in meetings, where portfolio leadership, IT&D Planning and
Strategy, IT&D Finance, and IT&D Regulatory teams review updates on investments and
outcomes delivered, risks and mitigating actions, and a financial summary. Following
portfolio performance check-in meetings, quarterly portfolio performance reviews with
IT&D leadership are conducted. In the quarterly review, each of the CIDOs builds on the
feedback provided at the portfolio performance check-in and discuss portfolio performance.
Typically, the US Customer CIDO and New York CIDO attend and help determine if a
project requires additional support or intervention to complete.

7. As identified in DPS-478 Attachment 1 (Mapping ITP-4 (July 3, 2024)
Interdependencies), rows 8 through 12 of column E, the Billing and Collections Mandates
Enhancements investment does not share any interdependencies with other investments.

8. The delivery of the Customer Billing and Collections Mandates will be owned by Riziel
Cruz-Bower, Director of CIS Platform Products. The governance structure is in place and
administered by the US Customer function, led by the US Customer CIDO identified on
page 654 of SET-1070 with direction and oversight by the New York CIDO. In addition
to IT&D leadership oversight, an executive in the US Customer organization, also
identified on page 654, will support this investment and both IT&D and the US Customer
organization will be responsible for delivery and investment outcomes.
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From a process perspective, the Product Team adheres to standard governance structures
associated with the Scaled Agile (SAFe) and/or Waterfall delivery methodologies.

Most Customer related mandates require changes to be made to National Grid’s core
billing system application, Customer Service System (“CSS”). CSS is a custom-built
legacy application that manages the meter-to-cash area of the customer billing system at
National Grid. CSS, built by Accenture in the 90s as Customer/1, has a back-end system
using Mainframe COBOL and a front-end object-oriented screen using C++.

All changes required to satisfy the Billing and Collection mandates will align with the
technology enhancements being planned for the CSS platform under CIS Enhancements
(Phase 2 & 3) under SET-1099 page 750 of Exhibit__ (ITDP-8).

SET-1070 provides a detailed benefit cost analysis (“BCA”) on pages 656, 657 and 660
including the different options explored for the project. Qualitative Type 2 benefits are
listed on pages 2 and 3 of Exhibit__ (ITDP-7).

SET-1070 provides the cost estimate analysis for labor costs on page 658 and non-labor
costs on page 659. CSS Billing and Collection estimates are based on historical spends
and assessments of future resource requirements to implement solutions for mandates,
compliance, and enhancement initiatives.

SET-1070 provides the alternatives on page 657 that the Company evaluated for this
investment, the respective reasons of choices and the estimated cost of the alternative
solutions.

CSS provides billing system capabilities that serve National Grid’s customers and is
similar in nature to other utilities with comparable customer billing requirements.
National Grid continues to explore further enhancements to the technology solution as
seen with SET-1099 CIS Enhancements Phase 2 and3.

The Company performed a comprehensive review of all IT projects to identify and
capture any potential savings in the revenue requirements. All SETs contain a benefits
calculation. If the IT investment will deliver financial benefits, those benefits are
captured in the revenue requirements either through a reduction to total run-the-business
expenditures (if the benefit is specific to the IT function) or separately as part of National
Grid’s Efficiency Initiatives (if the project will deliver reductions across the business).
This review and presentation of IT benefits is explained in more detail at pages 15-16 of
66 of the ITDP’s direct testimony. As shown in the SET (at pages 656 and 660 of 1611 of
Exhibit ___ (ITDP-8)) and pages 2 and 3 of Exhibit ___ (ITDP-7), while the Customer
Billing and Collections Mandates investment will deliver qualitative Type 2 benefits such
as enhancements to help maintain regulatory compliance, reduce technical and security
risks, and improve the overall customer experience, there are no Type 1 financial savings
associated with this project.

All technology implementations, changes and enhancements are required to go through an
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architectural review and the Company’s sanctioning process before a project is started.
National Grid’s sanctioning process includes review by the IT&D Solution Design
Authority to ensure proposals are aligned with IT&D obsolescence roadmaps and
guidelines. CSS Platform has a production support team in place to ensure continuity of
service. In addition, the Company continuously works to ensure the platform’s reliability,
stability, and resiliency. Please refer to CIS Enhancements (Phase 2 and 3) (SET-1099)
for the future long-term plan in addressing technology obsolescence for the CSS Platform

Name of Respondent: Date of Reply:
Najat Coye July 15, 2024
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Date of Request: July 12, 2024 Request No. DPS-564
Due Date: July 22, 2024 NG Request No. NG-609

Niagara Mohawk Power Corporation d/b/a National Grid
Case No. 24-E-0322 & 24-G-0323
Data Request

Request for Information

FROM: NYPSC - Chelsea Laquittara

O: National Grid

—

SUBJECT: Energy Affordability Program
Request:

In all interrogatories, any requests for workpapers or supporting calculations shall be construed
as requesting any Word, Excel or other computer spreadsheet models in original electronic
format with all formulae intact and unlocked.

On page 30 of the Customer Panel's direct testimony, the Company states, "In December 2023,
legislation was enacted in New York that requires OTDA to establish a statewide program for
automated identification of eligible EAP participants. Once the program is implemented, Niagara
Mohawk plans to participate and to incur an estimated $100,000 annually to reimburse program
participants for their file matching costs."”

1 Provide a detailed explanation of the annual costs that would be incurred through the
estimated $100,000 for automated file-matching. Include any estimates and
documentation to support this amount.

2. Provide a detailed description of the "program participants™ who would be eligible for
reimbursement.

3. Provide a detailed description of what costs would be reimbursable under the Company's
proposal.

4. Provide the anticipated implementation date for this automated identification.

Response:

1. The Company estimated $100,000 based on the amount that was approved for HRA file
matching for KEDNY ($50K) and KEDLI ($50K) in the 2019 Rate Cases. It has yet to
be determined exactly what costs will be incurred as the information above is a
placeholder while awaiting OTDA’s establishment of the statewide program.
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2. The term “program participants” as mentioned in the testimony refers to the participating
Niagara Mohawk territory counties or OTDA directly to disperse to the appropriate
counties for their file matching costs.

3. The reimbursable costs included in the $100,000 comprise the cost of mailings and any
associated costs for performing the file matches.

4. The original implementation date for OTDA to establish the statewide file matching was
June 2024 but has since been extended to December 22, 2024 by the Governor and the two
houses.

Name of Respondent: Date of Reply:
Brittney Pietro July 22, 2024
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Date of Request: July 24, 2024 Request No. DPS-750
Due Date: August 5, 2024 NG Request No. NG-871

Niagara Mohawk Power Corporation d/b/a National Grid
Case No. 24-E-0322 & 24-G-0323
Data Request

Request for Information

FROM: NYPSC - Chrystie Stafford

—

O: National Grid

SUBJECT: Information Technology (IT) - Billing and Collections Mandates

Request:

In all interrogatories, any requests for workpapers or supporting calculations shall be construed
as requesting any Word, Excel, or other computer spreadsheet models in original electronic
format with all formulae intact and unlocked.

Referring to the Billing and Collections Mandates on lines 8-12 of Exhibit_(ITDP-4):

1. For each of the last previous fiscal years (FY20, FY21, FY22, FY23, and FY24),
provide a detailed breakdown of all budgeted amounts for Billing and Collections
Mandates, for only NMPC, separately for electric and gas.

2. For each of the previous five fiscal years (FY20, FY21, FY22, FY23, and FY24),
provide a detailed breakdown of all actual costs incurred for Billing and Collections
Mandates, for only NMPC, separately for electric and gas.

Response:

1. As described in DPS-481, the Billing and Collections Mandates and Enhancements
shown on lines 8 to 12 of Exhibit __ (ITDP-4) is a funding mechanism for anticipated
new billing and collection mandates and enhancements not already identified under
other established projects. Please see Attachment 1, which shows the budgets for these
investments, which were initiated in FY23 and are for Niagara Mohawk only. Because
these investments were initiated in FY23, the Company does not have budget
information prior to that period.

2. The Billing and Collections Mandates and Enhancements is a funding mechanism that
was established to support mandates and compliance and enhancement demands that
were not previously accounted for in the budget year. Funding is transferred from this
funding mechanism to individual projects via a formal Budget Exception Request
(“BER”) process, governed by the IT&D Finance and Investment Portfolio organization
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to reallocate funding for identified Billing and Collections Mandates and Enhancements
initiatives. Please see Attachment 1 for a summary of the BERSs related to Billing and
Collections Mandates and Enhancements.

Name of Respondent: Date of Reply:
Ed Brodsky August 5, 2024
Najat Coye
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NMPC - Electric

NMPC - Gas NMPC - Total

IFY23 Budget $1,060,410 $400,674 $1,461,084
INV# Investment Name
5125 Customer Connection Program $7,994 $3,021 $11,015
5160 NY Value Stack Billing (Mandated) $1,184,817 S0 $1,184,817
5160 NY Value Stack Billing (Mandated) $160,000 S0 $160,000
5778 Customer Ecosystem Stabilization $132,244 $49,968 $182,211
6451 One Step Auto Cashiering Upgrade S0 S0 S0
6492 NACHA Compliance- Security Encryption Effort $260,433 $98,404 $358,837
6496 NY Gender Pronoun and Name Mandate $41,509 $15,688 $57,198
6592  Transmission Services Agreement/Transmission Services Contract (TSA/TSC) Application Replacement $175,000 S0 $175,000
|FY23 -- Incremental Billing & Collections Mandates & Enhancements Demand $1,961,997 $167,080 $2,129,077 |
INet ($901,587) $233,594 ($667,993)
NMPC - Electric NMPC - Gas NMPC - Total
IFYZ4 Budget $2,428,047 $917,167 $3,345,214
INV# Investment Name
5125 Customer Connection Program $145,017 $54,778 $199,795
5160 NY Value Stack Billing (Mandated) $2,880,000 S0 $2,880,000
5778 Customer Ecosystem Stabilization $21,398 $8,083 $29,480
6451 One Step Auto Cashiering Upgrade S0 S0 S0
6492 NACHA Compliance- Security Encryption Effort $324,272 $122,490 $446,762
6592  Transmission Services Agreement/Transmission Services Contract (TSA/TSC) Application Replacement $219,000 S0 $219,000
6592 Transmission Services Agreement/Transmission Services Contract (TSA/TSC) Application Replacement $53,177 S0 $53,177
6746  CXP Technical Debt Initiative $735,216 $138,621 $873,838
6762  KEDLIRate Case S0 S0 $0
|FY24 -- Incremental Billing & Collections Mandates & Enhancements Demand $4,378,080 $323,973 $4,702,053 |
INet ($1,950,033) $593,194 ($1,356,839)|

Note: BER allocations driven by receiving project's allocation
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Date of Request: July 26, 2024 Request No. DPS-788
Due Date: August 5, 2024 NG Request No. NG-919

Niagara Mohawk Power Corporation d/b/a National Grid
Case No. 24-E-0322 & 24-G-0323
Data Request

Request for Information

FROM: NYPSC - Chrystie Stafford

TO: National Grid

SUBJECT: Information Technology (IT) - CIS Enhancements

Request:

In all interrogatories, any requests for workpapers or supporting calculations shall be construed
as requesting any Word, Excel, or other computer spreadsheet models in original electronic
format with all formulae intact and unlocked.

Referring to the CIS Enhancements in lines 589-593 of Exhibit__ (ITDP-4CU):
1. Provide a detailed explanation of the bid process for this project.

2. Provide the list of developers and/or vendors that submitted a bid for this project. If no
request for proposals was issued for this project, provide a detailed explanation of why not.

3. Provide the name of the vendor chosen by the Company for this project. Provide the
quote(s) and invoice(s) received from the vendor.

4. Provide a detailed explanation of how the cost estimate was determined for this project.

Response:

1. Please see Exhibit __ (ITDP-8), pages 750 through 757 of 1611, which provides the
Company’s Sanction Estimation Template (“SET”) for the CIS Enhancements (SET-
1099). As there has been no final decision on the architecture of this solution, there has not
yet been a bid process for this investment. As described in the Company’s response to
DPS-479, question 9, concepts/opportunities that have been described within SET-1099
will go through a formal technology evaluation and solution blueprinting process where
vendor technology offerings will be evaluated against the specific requirements and
capability needs. After the evaluation process, a formal bid process may ensue.

2. Asdescribed in the Company’s response to DPS-479, question 5, the delivery of the CIS
Enhancements investment will be managed by a project team within National Grid’s US
Customer function. If additional resources are required beyond internal labor to support
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this initiative, resources are selected from one of National Grid’s approved Application
Development/Application Maintenance (“ADAM?”) and/or Digital partners. 1T&D has
third-party contracts with vendors for ADAM that are managed by the Company’s
procurement team. These competitively negotiated vendor agreements provide cost and
operational efficiencies when delivering core IT programs and projects. Upon the final
architecture decision discussed in response to question 1, vendor bids for the technology
solution will be managed via National Grid’s standard procurement process.

3. Please see the response to question two above.

4.  Asdescribed in the Company’s response to DPS-479, question 11, cost estimates for this
investment were based on historical spends and assessments of future resource and service
requirements to implement solutions for mandates, compliance, and enhancement
initiatives based on competitively bid ADAM partner contracts.

Name of Respondent: Date of Reply:
Ed Brodsky August 5, 2024
Najat Coye
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Request No. DPS-792
NG Request No. NG-923

Niagara Mohawk Power Corporation d/b/a National Grid

Case No. 24-E-0322 & 24-G-0323
Data Request

n

TO: National Grid

Request for Information

ROM: NYPSC - Chrystie Stafford

SUBJECT: Information Technology (IT) - Customer Experience Initiatives

Request:

In all interrogatories, any requests for workpapers or supporting calculations shall be construed
as requesting any Word, Excel, or other computer spreadsheet models in original electronic
format with all formulae intact and unlocked.

Referring to the seven Customer Experience Initiatives on pages 70-76 of the Customer Panel's
initial direct testimony and the Customer Portfolio items listed on lines 2-78 and 586-601on

Exhibit__ (ITDP-4CU):

1. Provide a detailed explanation of how each Customer Portfolio item supports the seven

Customer Experience Initiatives.

Response:

1. Please see the table below with the initiatives, associated line number on Exhibit __ (ITDP-
4CU), and the rationales that support the seven Customer Experience Initiatives.

Investments Associated with the ITDP-4CU | Relationship(s) to the Customer Experience
Customer Experience Initiatives Row(s) Initiatives
AIMS Product Team — Annual Program 2-5 These investments will support Reducing Calls with
Self-Service and Minimizing Call Average Handling
AIMS Product Team FY25 Time initiatives. The investment will enable new and
6 modified workflows within the Contact Center’s
AIMS Replatform Interactive Voice Response (“IVR”) infrastructure,
7 which will be one of the key drivers in reducing calls
INVP 6727 — AIMS FY 24 Product Team through self-service. Additionally, the re-platforming
56 of Contact Center solutions such as Workforce
INVP 6728 — AIMS Replatform Optimization will increase the Contact Center agent’s
capability to better manage customer calls, therefore
57 improving the ability to complete first call resolutions.
Case Management 13 Improves management and efficiency of customer

inquiries that are tracked via a case management tool.
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Investments Associated with the
Customer Experience Initiatives

ITDP-4CU
Row(s)

Relationship(s) to the Customer Experience
Initiatives

The existing case management solutions do not
provide the intelligence and analytics needed to
provide the level of capability needed to improve the
Contact Center’s ability to address issues more
efficiently and improve on first call resolution.

Customer Data Platform

28-32

This investment will support the Front Office
optimizing project via improved data and analytics
that will enable many of the self-service and Contact
Center initiatives. The analytics and intelligence of
the Customer Data Platform will provide solutions
such as the Unified Web Portal and the AIMS
Interactive Voice Response that will provide
improved ways to understand the customer behaviors
and drive towards improved customer self-service,
therefore reducing calls, improving the first call
response times, and supporting back-office
optimization opportunities.

Customer Facing Mobile App — In House
Solution (US)

Customer Mobile Application

INVP 6713 — Customer Facing Mobile
App

33-37

38

54

These investments will support the Reducing Calls
with Self-Service initiative by improving the customer
experience through self-service by allowing for
additional contact points and methods for customers to
interact with the Company. As the improvement and
expansion of the mobile application develops to
include increased insight for addressing customers
queries, there will be call reductions via self-service
and additional opportunities to promote capabilities
such as e-bill adoption

Digital Assistant

42-46

This investment supports the reducing calls with self-
service initiative by providing additional options for
customers to interact with National Grid to
successfully resolve their inquiries. As the
improvement and expansion of the Digital Assistant
develops to include increased insight in addressing
customers queries, it is expected to improve the self-
service ratios. Additional opportunities to promote
customer capabilities such as E-bill adoption will also
be available through this interactive channel.

Documentum Application Modernization

47

This investment will support improved management
and efficiency of documents utilized by Customer
agents. The Company’s current document
management tools are outdated. An updated, more
analytical document management solution will
provide agents and Back-office support with improved
access to information, which will improve first call
resolution and optimize back-office processes.

GenAl

48

This investment will drive automation of various
Front and Back-office tasks. Opportunities of GenAl,
which are uses of Generative Artificial Intelligence
technologies will optimize Back-office processes such
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Investments Associated with the
Customer Experience Initiatives

ITDP-4CU
Row(s)

Relationship(s) to the Customer Experience
Initiatives

as taking several heavy manual intensive tasks and
simplifying them via the use of this technology (an
example being the effort taken in responding to
common email queries from customers and converting
that effort into a more automated process)

INVP 5673 — My Business Account
My Business Account

My Business Account (Nucleus)
Enhancements

50

60

61-64

These investments will support the Reducing Calls
with Self-Service initiative; impacting the customer
experience by providing commercial and business
customers a web portal targeted for their specific
needs, thereby making it easier to conduct their
business with National Grid. Expanding the
capability to provide improved billing insight into the
large commercial and industrial customers will reduce
billing queries and create opportunities to reduce the
incoming calls via self-service. This channel also
will provide promotion of capabilities such as E-
billing.

INVP 6706 — FY24 UWP Enhancements

INVP 6715 — UWP 2.0 MyAccount
Implementation

UWP 2.0 MyAccount Implementation
and Delivery

UWP Product Team Annual Program

UWP Product Team FY25

53

55

73

74-77

78

These investments will support the Reducing Calls
with Self-Service initiative, improve customer
experience through self-service, and allow for
customers to self-serve on the web. As the most
substantial online customer interfaces, an expanded
suite of responses to certain calls to billing inquiries,
Company offers, and other further actions required by
customers will be handled through automated
processes ultimately reducing calls via self-service
into the Contact Center. Additionally, there will be
promotion of capabilities such as e-billing and
potential automation of manual work.

New Customer Digital Products

66-69

This investment supports the Optimize Front Office
Service Delivery Model, Back office Automate
Manual Work, and Optimize Back-office processes
and capacity initiatives. As the Customer
organization further analyzes new channels and/or
data analytic solutions to better serve customers in a
more efficient manner, new customer digital products
will at a minimum, reduce calls with self-service,
minimize call handling time and optimize back-office
processes

Customer Experience Initiatives ZBR

601

This investment relates to the various initiatives used
to drive self-service, automate Back-office functions,
and improve the customer experience

Name of Respondent:
Ed Brodsky
MaryBeth Chliek
Najat Coye
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Date of Request: August 2, 2024 Request No. DPS-832
Due Date: August 12, 2024 NG Request No. NG-1007

Niagara Mohawk Power Corporation d/b/a National Grid
Case No. 24-E-0322 & 24-G-0323
Data Request

Request for Information

FROM: NYPSC - Chrystie Stafford
TO: National Grid

SUBJECT: Customer Contact Center FTEs

Request:

In all interrogatories, any requests for workpapers or supporting calculations shall be construed
as requesting any Word, Excel, or other computer spreadsheet models in original electronic
format with all formulae intact and unlocked.

The following questions reference the proposed Small-to-Medium Commercial Customer
Contact Center Group resources described in Exhibit__(CP-4) and pages 49-51 of the direct
testimony of the Customer Panel:

1. For each month from January 2020 through June 2024, provide the following:

a. The number of Contact Center Representatives employed by the Company. Specify
whether they are full time or part time.

b. The number of vacant Contact Center Representative positions.

C. The number of Company employees from other departments supplementing the
organization by performing Contact Center Representative functions.

d. The number of contracted full-time equivalents supplementing the organization by
performing Contact Center Representative functions.

2. Provide a detailed description of all duties that a Contact Center Representative may
handle. Include in your response the roles in both blue-sky and storm conditions.

3. On pages 49-51 of the Customer Panel's direct testimony, the Company states that the
addition of seven incremental representatives serving small-to-medium commercial
customer contacts "will enable the company to effectively engage with the commercial
customer class" and that the "specialized contact center group will enable the Company to
provide a high quality customer experience.” Provide a detailed explanation of the current
effectiveness of the Company's engagement with commercial customers and the quality of
the customers' experience. Include all studies and documentation that support the
Company's response.
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1.  The below table contains the requested monthly break-down of the Company’s
Commercial Customer Service Representatives who are currently handling both residential
and commercial customer calls and not solely dedicated to commercial customers (as
proposed by the Company). The requested FTEs are driven by the need to create dedicated
agents who will handle small to medium commercial and industrial (“C&I””) customer calls.
Among other things, the proposal will create capacity that allow these agents to spend more
time on the phone with small to medium C&I customers, helping to provide tailored
solutions to their issues.

| l.a 1b 1.c | 1.d |
Full Time PartTime Vacant Positions Supplement Staff  Supplement Staff
Jan-20 25 0 0 0 0
Feb-20 25 0 1 0 0
Mar-20 24 0 2 0 0
Apr-20 24 0 6 0 0
May-20 24 0 0 0 0
Jun-20 24 0 0 0 0
Jul-20 24 0 0 0 0
Aug-20 24 0 0 0 0
Sep-20 30 0 0 0 0
Oct-20 30 0 0 0 0
Nov-20 30 0 0 0 0
Dec-20 28 0 0 0 0
Jan-21 28 0 0 0 0
Feb-21 27 0 0 0 0
Mar-21 25 0 1 0 0
Apr-21 24 0 0 0 0
May-21 20 0 0 0 0
Jun-21 20 0 0 0 0
Jul-21 19 0 0 0 0
Aug-21 17 0 0 0 0
Sep-21 13 0 5 0 0
Oct-21 16 0 6 0 0
Nov-21 15 0 2 0 0
Dec-21 15 0 1 0 0
Jan-22 39 0 0 0 0
Feb-22 38 0 0 0 0
Mar-22 37 0 0 0 0
Apr-22 36 0 0 0 0
May-22 31 0 0 0 0
Jun-22 30 0 0 0 0
Jul-22 30 0 0 0 0
Aug-22 32 0 0 0 0
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Sep-22 35 0 0 0 0
Oct-22 31 0 0 0 0
Nov-22 27 0 0 0 0
Dec-22 26 0 0 0 0
Jan-23 34 0 0 0 0
Feb-23 34 0 0 0 0
Mar-23 29 0 0 0 0
Apr-23 28 0 0 0 0
May-23 24 0 0 0 0
Jun-23 23 0 0 0 0
Jul-23 21 0 0 0 0
Aug-23 30 0 0 0 0
Sep-23 26 0 0 0 0
Oct-23 25 0 0 0 0
Nov-23 29 0 0 0 0
Dec-23 31 0 0 0 0
Jan-24 22 0 0 0 0
Feb-24 22 0 0 0 0
Mar-24 22 0 0 0 0
Apr-24 22 0 0 0 0
May-24 22 0 0 0 0
Jun-24 18 0 3 0 0

2. The Company’s current C&I customer service representatives under general supervision
can perform the following duties during blue sky and storm conditions:

Commercial and Industrial Customers inquiries

Commercial Customer Deposits

Commercial Applications

Connect/Disconnect- Residential

Payments (including Balance Billing)

Issue Turn Off None Payment (cut in after payment satisfied)
Financial Statements

Electric Outages

Life Support

10. Field Orders/Emergency Orders

11. Trouble Reporting

12. All residential billing inquiries (including Net Metering & Solar)
13. Issuing orders for high usage investigations

14. Mic Metering Calls

15. Off-line work-general customer correspondence (including web/email)
16. Transfer excess credit/refunds (including Payment Transfers)

17. High Bill investigations

©CoOoNoO~WNE

3. Asshown in the response to DPS-310 (on pages 2-3), the Company performed below target
on the small to medium C&I customer satisfaction survey in Calendar Year 2023 and so far
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in Calendar Year 2024. The survey results analysis revealed low First Call Resolution as a
key contributor to lower customer satisfaction. As part of the Company’s effort to improve
customer experience, the Company is focusing on customer issue escalation and First Call
Resolution improvement.

Furthermore, through the small to medium C&I customer satisfaction survey, customers
have expressed a wish for a dedicated account management team and a more proactive
engagements from the Company as shown in the example comments below:

“I think they could have more direct consumer contact aside from their bills and offer a few
more green energy credits from them”

““either have a rep, or account manager reach out periodically to see if they can improve
the service”

““give big clients a dedicated rep to call to resolve issues”

“Having a dedicated line for government accounts and have them understand that its
harder to work with a government account due to fiscal years being different and that we
have to justify the cost and can't just give a Credit Card to pay”

“Work with me more on my business account™

The comments above come from the Calendar Year 2024 small to medium C&I customer
satisfaction survey; Question “Thinking about National Grid’s Overall Performance, what
more could National Grid have done to better serve you?”

The request for seven incremental Contact Center representatives, as stated in the Customer
Panel Testimony, will allow for more time spent with individual small to medium C&l
customers to directly address the concerns expressed above.

Name of Respondent: Date of Reply:
Jim MacVicar August 12, 2024
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Date of Request: August 2, 2024 Request No. DPS-834
Due Date: August 12, 2024 NG Request No. NG-1009

Niagara Mohawk Power Corporation d/b/a National Grid
Case No. 24-E-0322 & 24-G-0323
Data Request

Request for Information

FROM: NYPSC - Chrystie Stafford

—

O: National Grid

SUBJECT: Information Technology - Regulatory Requirements
Request:

In all interrogatories, any requests for workpapers or supporting calculations shall be construed
as requesting any Word, Excel or other computer spreadsheet models in original electronic
format with all formulae intact and unlocked.

Referring to the Customer Portfolio items listed on lines 2-78 and 586-601 on Exhibit__ (ITDP-
4CU):

1. For each line item listed above, provide a detailed explanation of the existing regulatory
requirement (i.e., case number and page of applicable Commission Order and/or Public
Service Law) mandating the proposed item. Include whether the Company currently has
the capability to perform the required work and if the proposed items are upgrades or new
projects intended to meet existing regulations.

Response:

1. Public Service Law Section 65 provides that “[e]very gas corporation, every electric
corporation and every municipality shall furnish and provide such service,
instrumentalities and facilities as shall be safe and adequate and, in all respects, just and
reasonable.” PSL § 65(1). As the Information Technology and Digital (“IT&D”) Panel
explains in its direct testimony, the IT&D investments being proposed in these cases will
“enabl[e] the Company to continue providing safe, reliable, and affordable service,
support New York’s energy transition, and provide high-quality customer service.” IT&D
Panel direct testimony, p. 7. Detailed information about the IT&D investments proposed
in these cases is included in the Sanction Estimate Templates (“SETs”) in Exhibit __
(ITDP-8) for the respective initiatives.

Investments listed on lines 2 — 78 and 586 — 601 in Exhibit __ (ITDP-4CU) support

functionality to enable the Company to deliver on its responsibility to provide safe and
adequate service, support State energy policy, and otherwise meet the service and
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performance requirements established by the Commission and expected by customers.
Please see Attachment 1 column F.

Name of Respondent: Date of Reply:
Najat Coye August 12, 2024
Ed Brodsky
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Investment Name

AIMS Product Team - Annual Program
AIMS Product Team - Annual Program
AIMS Product Team - Annual Program
AIMS Product Team - Annual Program
AIMS Product Team FY25

AIMS Replatform

Billing Collections Mandates Enhancements
Billing Collections Mandates Enhancements
Billing Collections Mandates Enhancements
Billing Collections Mandates Enhancements

Billing Collections Mandates Enhancements

Case Management

Community Solar Bill Portal

Community Solar Bill Portal
Community Solar Bill Portal

ConnectNow (incremental functionality)
ConnectNow (incremental functionality)
ConnectNow (incremental functionality)
ConnectNow (incremental functionality)
ConnectNow (incremental functionality)
ConnectNow (legacy Customer Connections)
ConnectNow (legacy Customer Connections)
ConnectNow (legacy Customer Connections)
ConnectNow (legacy Customer Connections)

ConnectNow (legacy Customer Connections)

CSS Enhancements FY25

Customer Data Platform
Customer Data Platform
Customer Data Platform
Customer Data Platform

Customer Data Platform

Customer Facing Mobile App — In House Solution (US)
Customer Facing Mobile App — In House Solution (US)
Customer Facing Mobile App — In House Solution (US)
Customer Facing Mobile App — In House Solution (US)
Customer Facing Mobile App — In House Solution (US)
Customer Mobile Application

Customer Tech Debt Remediation

Customer Tech Debt Remediation FY25

CXP Technical Debt

Digital Assistant
Digital Assistant
Digital Assistant
Digital Assistant
Digital Assistant

Documentum Application Modernization

GenAl

INVP 5125 Customer Connection

INVP 5673 My Business Account

INVP 6492 NACHA Compliance Sec

PRJ #

PRJ-7779
PRJ-7779
PRJ-7779
PRJ-7779
PRJ-7779

PRJ-5802

PRJ-3756
PRJ-3756
PRJ-3756
PRJ-3756
PRJ-3756

PRJ-5909

PRJ-7764
PRJ-7764

PRJ-7764

PRJ-7770
PRJ-7770
PRJ-7770
PRJ-7770
PRJ-7770
PRJ-3633
PRJ-3633
PRJ-3633
PRJ-3633
PRJ-3633

PRJ-7175

PRJ-5955

PRJ-5955

PRJ-5955

PRJ-5955

6740

PRI-7777
PRI-7777
PRI-7777
PRI-7777
PRI-7777
PRI-7777

PRJ-7178

PRJ-7178

PRJ-7592

PRJ-4584
PRJ-4584
PRJ-4584
PRJ-4584
PRJ-4584

PRJ-5263

6769

5125

5673

6492

INVP # Category
6787 Core
6787 Core
6787 Core
6787 Core
6787 Core
6728 Core
6538 Core
6538 Core
6538 Core
6538 Core
6538 Core
6775 Core
N/A Core
N/A Core
N/A Core
N/A Core
N/A Core
N/A Core
N/A Core
N/A Core
5125 Core
5125 Core
5125 Core
5125 Core
5125 Core
6773 Core
6740 Core
6740 Core
6740 Core
6740 Core
6740 Core
6786 Core
6786 Core
6786 Core
6786 Core
6786 Core
6786 Core
6791 Core
6791 Core
6776 Core
6777 Core
6777 Core
6777 Core
6777 Core
6777 Core
6686 Core
6769 Core
5125 Core
5673 Core
6492 Core

Portfolio

Customer
Customer
Customer
Customer

Customer

Customer

Customer
Customer
Customer
Customer

Customer

Customer

Customer

Customer
Customer

Customer
Customer
Customer
Customer
Customer
Customer
Customer
Customer
Customer

Customer

Customer

Customer
Customer
Customer
Customer

Customer

Customer
Customer
Customer
Customer
Customer

Customer

Customer

Customer

Customer

Customer
Customer
Customer
Customer

Customer

Customer

Customer

Customer

Customer

Customer

Company's capability

As detailed in SET-1071 (pages 646 - 653 of Exhibit__ (ITDP-8)), this investment is to procure product
level funding for the existing AIMS (Agent Interaction Management System) dedicated product team to
deliver on small- to mid-sized upgrades and enhancements, including regulatory mandates, that are not
otherwise funded through other initiatives.

High Performing Customer Contact Center. This investment addresses contact center technology, which is
approaching end of life. The investment is needed for the Company to perform required work, and
implementation of this initiative is necessary to maintain current Customer-facing operations.

Implement Billing Changes Required by PSC. This funding mechanism supports investments including
system modifications, changes and enhancements to comply with emergent mandates and directives from
the PSC or other authorities that require changes to billing and other critical customer systems to meet
regulatory requirements.

As detailed in the Case Management Sanction, the Customer Business manages inquiries, requests and
complaints from external parties via different methods depending on the organization and solution that
was originally selected to manage the case intake process. These existing solutions are outdated and on
technology stacks that are no longer supported or require significant investment to keep them supported.
The Company currently has the ability to perform the required work.

As detailed in SET-1082 (pages 662 - 669 of Exhibit__(ITDP-8), this investment is requesting to fund a
Self-Serve Billing and Credit Allocation Portal to improve the Community Distributed Generation (CDG)
customer experience and further support the implementation of CDG. This would be new functionality.

If approved, the Company currently has the ability to perform the required work.

As detailed in SET-7770 (pages 670- 677 of Exhibit__(1TDP-8), this investment will provide new
functionality for a single "select all that apply" application form and process for all Distributed Energy
Resources (DERs) and electric loads, leveraging existing platform, interfaces, and functionality. If
approved, the Company currently has the ability to perform the required work.

As detailed in SET-1079 (pages 678 - 685 of Exhibit__ (ITDP-8), ConnectNow is a continuation,
modernization and expansion of the existing Customer Connections program powered by Gridforce
platform and applications portal. If approved, the Company currently has the ability to perform the
required work.

As detailed in the CSS Enhancements FY 25 sanction paper, this project provides a funding base and
governance structure that allows the IT organization to effectively deliver small system changes to the
entire Customer portfolio, in response to any regulatory mandates, operational requirements and value-
added enhancements that will occur during the course of the year. These could be new or existing
products, depending on the mandate/enhancement. If approved, the Company has the ability to perform
the required work.

As detailed in SET-1072 (pages 686 - 693 of Exhibit__(ITDP-8), this investment will fund the existing
Customer Data Platform which provides a centralized platform for Customer data to improve and optimize
access to customer data and will provide a full 360 degree of a customer which is inline with the
Company's direction of being customer centric. If approved, the Company currently has the ability to
perform the required work.

As detailed in SET-1074 (pages 694 - 701 of Exhibit__(ITDP-8), this project's focus is to build, deliver
and support a new in-house customer facing mobile app that provides new customer experience
capabilities including: unlocking a new channel for customers to sign in using their existing National Grid
credentials to view account, billing and payment information and submit payments to National Grid. If
approved, the Company currently has the ability to perform the required work.

As detailed in SET-1080 (pages 702 - 709 of Exhibit__(ITDP-8), this investment seeks to replace/update
network equipment, servers and operating systems etc. that are end of life and no longer supported by the
vendors. If approved, the Company currently has the ability to perform the required work.

As detailed in the CXP Technical Debt Sanction paper, Customer Experience Products (CXP) has
accumulated significant technical debt over the past decade, which requires migration and/or re-writing of
applications that are currently being used by the Customer Business and our external customers. If
approved, the Company currently has the ability to perform the required work.

As detailed in SET-1077 (pages 710 - 717 of Exhibit__(ITDP-8), this project will focus on continuing to
improve and deliver personalized experiences and customer self-service opportunities by leveraging
National Grid's (NG) innovative Digital Assistant Chatbot (DA), to deflect customers to digital channels
and contain them digitally within NG's Unified Web Portal (UWP) and Mobile Web. If approved, the
Company currently has the ability to perform the required work.

As detailed in the Documentum Sanction paper (page 125 - 134 Exhibit__(ITDP-8), Documentum is an
existing content management application that is used by both back- and front-office employees. The
current legacy application is operating on out of support software and has supporting assets which are
considered end of life. If approved, the Company currently has the ability to perform the required work.

This investment will transform the existing Account Maintenance & Operations' (AMO) mailbox
management by augmenting it with generative artificial intelligence and other advanced technologies. If
approved, the Company currently has the ability to perform the required work.

As detailed in the Customer Connection Sanction paper (pages 36 - 46 Exhibit__(ITDP-8), this
investment is a continuation, modernization and expansion of the existing Customer Connections program
powered by Gridforce platform and applications portal. If approved, the Company currently has the ability
to perform the required work.

My Business Account (MBA) is focused re-engineering the National Grid commercial and industrial
(C&l) customers' digital interactions to create a streamlined and seamless customer experience throughout
the customer's journey. If approved, the Company currently has the ability to perform the required work.

As detailed in the project Sanction paper (pages 173 - 178 of Exhibit__ (ITDP-8), the National Automated
Clearinghouse Association (NACHA) requires that National Grid protect deposit account information by
rendering it unreadable when it is stored electronically. This is an ongoing investment to complete the
required functionality. If approved, the Company currently has the ability to perform the required work.
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Allocation Forecasted In Service Amortization
Code Date Period
C903 3/31/2026 84
C903 3/31/2027 84
C903 3/31/2028 84
C903 3/31/2029 84
C903 3/31/2025 84
C903 3/31/2025 84
C903 3/31/2025 84
C903 3/31/2026 84
C903 3/31/2027 84
C903 3/31/2028 84
C903 3/31/2029 84

C903 3/31/2025 84
C902 3/31/2027 84
C902 8/1/2026 84
C902 4/30/2027 84
C902 3/31/2026 84
C902 3/31/2027 84
C902 3/31/2028 84
C902 4/1/2027 84
C902 4/1/2028 84
C903 3/31/2025 84
C903 3/31/2026 84
C903 3/31/2027 84
C903 3/31/2028 84
C903 3/31/2029 84
C903 3/31/2025 84
G911 3/31/2025 84
G911 3/31/2027 84
G911 3/31/2028 84
G911 3/31/2029 84
G911 3/31/2024 84
C175 3/31/2026 84
C175 3/31/2027 84
C175 3/31/2028 84
C175 3/31/2029 84
C175 6/1/2025 84
C903 3/31/2025 84
C903 3/31/2026 84
C903 3/31/2025 84
C175 3/31/2025 84
C903 3/31/2025 84
C903 3/31/2026 84
C903 3/31/2027 84
C903 3/31/2028 84
C903 3/31/2029 84
C903 3/31/2025 84
C903 3/31/2025 84
C175 3/29/2024 84
C175 3/29/2024 84
C175 3/31/2024 84
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Cases 24-E-0322, et al.

Investment Name

INVP 6687 FY24 Cust Minor Works

INVP 6706 FY24 UWP Enhancements

INVP 6713 Customer Facing Mobile Ap

INVP 6715 UWP 2.0 MyAccount Impleme

INVP 6727 AIMS FY24 Product Team

INVP 6728 AIMS RePlatform Sanction

INVP 6746 CXP Tech Debt Initiative

Mainframe Security Realignment

My Business Account

My Business Account (Nucleas) Enhancements
My Business Account (Nucleas) Enhancements
My Business Account (Nucleas) Enhancements

My Business Account (Nucleas) Enhancements

NACHA

New Customer Digital Products
New Customer Digital Products
New Customer Digital Products

New Customer Digital Products

NY Green Button Connect

STS Clean-up (backlog from C2C)

STS Clean-up (backlog from C2C)

UWP 2.0 MyAccount Implementation and Delivery

UWP Product Team Annual Program
UWP Product Team Annual Program
UWP Product Team Annual Program
UWP Product Team Annual Program
UWP Product Team FY25

AMI NY

AMI NY

AMI NY

CIS Enhancements
CIS Enhancements
CIS Enhancements
CIS Enhancements
CIS Enhancements

Clean Energy
Clean Energy

Clean Energy
Clean Energy
Clean Energy
Clean Energy
Clean Energy

Customer Experience Initiatives (ZBR)

6687

6706

6713

6715

6727

6728

6746

PRJ-7162

PRJ-7180

PRJ-7778

PRJ-7778

PRJ-7778

PRJ-7778

PRJ-3636

PRJ-7369

PRJ-7369

PRJ-7369

PRJ-7369

PRJ-2095

PRJ-7168

PRJ-7168

PRJ-5323

PRJ-7179
PRJ-7179
PRJ-7179
PRJ-7179
PRJ-7179

PRJ-279

PRJ-279

PRJ-279

PRJ-8343
PRJ-8343
PRJ-8343
PRJ-8343
PRJ-8343

PRJ-2082
PRJ-2082

PRJ-2082
PRJ-2082
PRJ-2082
PRJ-2082
PRJ-2082

PRJ-1718

INVP # Category
6687 Core
6706 Core
6713 Core
6715 Core
6727 Core
6728 Core
6746 Core
6778 Core
6785 Core
6785 Core
6785 Core
6785 Core
6785 Core
6492 Core
N/A Core
N/A Core
N/A Core
N/A Core
N/A Core
6780 Core
6780 Core
6715 Core
6784 Core
6784 Core
6784 Core
6784 Core
6784 Core
4704 Strategic
4704 Strategic
4704 Strategic
6434 Strategic
6434 Strategic
6434 Strategic
6434 Strategic
6434 Strategic
5100 Strategic
5100 Strategic
5100 Strategic
5100 Strategic
5100 Strategic
5100 Strategic
5100 Strategic
6606 Strategic

Portfolio

Customer

Customer

Customer

Customer

Customer

Customer

Customer

Customer

Customer

Customer
Customer
Customer

Customer

Customer

Customer
Customer
Customer

Customer

Customer

Customer

Customer

Customer

Customer
Customer
Customer
Customer

Customer

Customer

Customer

Customer

Customer
Customer
Customer
Customer
Customer

Customer
Customer

Customer
Customer
Customer
Customer

Customer

Customer

Company's capability

This project provides a funding base and governance structure that allows the IT&D organization to
effectively deliver small system changes to the entire Customer portfolio, in response to any regulatory
mandates, operational requirements and value-added enhancements that occur during the course of the
year. These could be new or existing products, depending on the mandate/enhancement. If approved, the
Company has the ability to perform the required work.

This investment is to continue to maintain the existing UWP platform as customer and regulatory needs
change and to exploit new technologies that benefit customers. If approved, the Company currently has the
ability to perform the required work.

This project's focus is to build, deliver and support a new in-house customer facing mobile app that
unlocks a new channel for customers to sign in using their existing National Grid credentials to view
account, billing and payment information and submit payments to National Grid. If approved, the
Company currently has the ability to perform the required work.

As detailed in the UWP 2.0 Sanction paper (pages 189 - 205 of Exhibit__ (ITDP-8), this investment
focuses on transitioning the existing Unified Web Portal (UWP) to a new, more robust, higher performing
and adaptable platform. If approved, the Company currently has the ability to perform the required work.

This investment is to procure product level funding for the existing AIMS (Agent Interaction
Management System) dedicated product team to deliver on small to mid-sized upgrades and
enhancements, including regulatory mandates, that are not otherwise funded through other initiatives. If
approved, the Company currently has the ability to perform the required work.

The current AIMS (Agent Interaction Management System) contact center technology is approaching end
of life; thus, the implementation of this new technology is necessary to maintain current Customer-facing
operations. If approved, the Company has the ability to perform the required work

Customer Experience Products (CXP) has accumulated significant technical debt over the past decade,
which requires migration and/or re-writing of applications that are currently being used by the Customer
business and our external customers. If approved, the Company currently has the ability to perform the
required work.

As detailed in the Sanction paper (pages 159 -165 of Exhibit__ (ITDP-8), this investment seeks to
streamline access to the existing mainframe. If approved, the Company currently has the ability to perform
the required work.

My Business Account (MBA) is focused on re-engineering the National Grid commercial and industrial
(C&I) customers' digital interactions to create a streamlined and seamless customer experience throughout
the customer's journey. If approved, the Company currently has the ability to perform the required work.

As detailed in SET-1076 pages 718 - 7725 of Exhibit__ (ITDP-8), My Business Account (MBA) is
focused on re-engineering the National Grid commercial and industrial (C&I) customers' digital
interactions to create a streamlined and seamless customer experience throughout the customer's journey.
If approved, the Company currently has the ability to perform the required work.

As detailed in the project Sanction paper (pages 173 - 178 of Exhibit__ (ITDP-8), the National Automated
Clearinghouse Association (NACHA) requires that National Grid protect deposit account information by
rendering it unreadable when it is stored electronically. This is an ongoing investment to complete the
required functionality. If approved, the Company currently has the ability to perform the required work.

As detailed in SET-1073 (pages 726 - 733 of Exhibit__ (ITDP-8), the New Customer Digital Products
investment will be used to continue National Grid's customer-centric digital transformation. These could
be new or existing products. If approved, the Company has the ability to perform the required work.

As detailed in SET- 1089 (pages 734 - 741 fo Exhibit__(1TDP-8), Green Button Connect (GBC) is an
existing application whereby utilities can enable customers to share their energy consumption data with
3rd Party energy solution providers and companies (such as Retail Energy, Solar, EE, etc.). If approved,
the Company currently has the ability to perform the required work.

As detailed in the STS Clean-up Sanction Paper (pages 179 - 188 of Exhibit__(ITDP-8), this investment
seeks to address tickets and requests inputted by the Business to fix issues such as account errors, missed
compliance targets, etc.. within the Customer Service System (CSS). If approved, the Company currently
has the ability to perform the required work.

As detailed in the UWP 2.0 Sanction paper (pages 189 - 205 of Exhibit__(ITDP-8), this investment
focuses on transitioning the existing Unified Web Portal (UWP) to a new, more robust, higher performing
and adaptable platform. If approved, the Company currently has the ability to perform the required work.

As detailed in SET-1075 (pages 742 - 749 of Exhibit__(ITDP-8), this investment is to continue
maintaining the existing UWP platform as customer and regulatory needs change and to exploit new
technologies and capabilities that benefit customers. If approved, the Company currently has the ability to
perform the required work.

As detailed in the AMI Sanction paper (pages 216 - 231 of Exhibit__(ITDP-8), this investment seeks to
deploy Advanced Metering Infrastructure (AMI) across National Grid's Niagara Mohawk Power Company
(NMPC) service territory to modernize its electric meters, gas modules and supporting infrastructure and
systems, offering new capabilities to customers. If approved, the Company currently has the ability to
perform the required work.

As detailed in SET-1099 (pages 750 - 757 of Exhibit__(ITDP-8), CSS Enhancements will begin with a
discovery phase that will further refine and validate all potential new concepts/opportunities related to the
CIS Platform, define the supporting architecture blueprints and develop business cases with
implementation plans for all prioritized enhancements under this program. If approved, the Company
currently has the ability to perform the required work.

As detailed in SET-1078 (pages758 - 765 of EXHIBIT__ (ITDP-8), Clean Energy 2.0, is a new cloud
based digital platform designed to deliver enterprise technology solutions to address current business
management needs and future digital capabilities for expanding Energy Efficiency, Electric Vehicle
charging infrastructure and programs, Demand Response and Distributed Energy programs offered to
National Grid's customers directly or via clean energy trade partners while progressing on New York
State’s and the Company’s strategic carbon reduction goals. If approved, the Company currently has the
ability to perform the required work.

As detailed in the Sanction paper (pages 240 - 255 of Exhibit__ (ITDP-8), the existing Customer
Experience Initiatives (ZBR) program is proposing to undertake additional programs to modernize and
enhance the customer experience. If approved, the Company currently has the ability to perform the
required work.
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Allocation Forecasted In Service Amortization
Code Date Period
C903 3/31/2024 84
C175 3/29/2024 84
C175 3/29/2024 84
C175 3/31/2024 84
C903 3/29/2024 84
C903 3/31/2024 84
C175 3/29/2024 84
C903 3/31/2025 84
C903 3/31/2025 84
C175 3/31/2026 84
C175 3/31/2027 84
C175 3/31/2028 84
C175 3/31/2029 84
C903 3/31/2025 84
C903 3/30/2026 84
C903 3/30/2027 84
C903 3/30/2028 84
C903 3/30/2029 84
C914 4/1/2025 84
C903 3/31/2025 84
C903 3/31/2026 84
C903 8/30/2024 84
C903 3/31/2026 84
C903 3/31/2027 84
C903 3/31/2028 84
C903 3/30/2029 84
C903 3/31/2025 84
C113 3/31/2025 84
C113 3/31/2026 84
C113 3/31/2027 84
C903 3/31/2025 84
C903 12/31/2026 84
C903 9/30/2027 84
C903 6/30/2028 84
C903 3/31/2029 84
C903 3/31/2025 84
C903 6/15/2025 84
C903 11/30/2025 84
C903 4/1/2027 84
C903 4/1/2028 84
C903 4/15/2026 84
C903 11/15/2026 84
C903 3/31/2025 84
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$Hh BH BH B B B B B B B B

CWIP - Inception to date

Forecast - CAPEX - FY24

357,665

982,579

4,127,620

5,049,743

613,973

780,129

2,150,178

% ©H hH B B H

€ hH BH H BH B B A B B B H

44,479

546,642

530,913

1,804,628

259,383

902,237

191,021
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FY25 CAPEX

450,000 $

1,800,000 $

588,000 $

190,421 $

1,800,000 $

6,696,000 $
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1,500,000

6,931,000 $
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12,500,000
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5,827,000 $

FY26 Beginning

Balance

402,144  $

1,529,221 $

4,658,533 $

6,854,371 $

873356 $

1,682,365 $

2,341,199 $

450,000 $

1,800,000 $

588,000 $

190421 $

1,800,000 $

6,696,000 $
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1,500,000

6,931,000 $
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12,500,000
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5,827,000 $

FY26 CAPEX

1,999,113

2,262,203

1,000,000

4,704,454

3,379,000

5,319,773
5,359,473
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FY27 CAPEX

1,919,149

3,800,500

5,345,971

2,421,000

4,418,118

5,399,173
5,359,473

© H B B H

EFY28 CAPEX

1,999,113

1,266,833

5,559,810

19,881,533

11,512,942
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EY29 CAPEX

2,079,078

1,719,275

5,773,649

2,761,324
25,404,181

6,748,966
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Total

402,144

1,529,221

4,658,533

6,854,371

873,356

1,682,365

2,341,199

450,000

1,800,000

1,999,113
1,919,149
1,999,113

2,079,078

588,000

2,262,203
3,800,500
1,266,833

1,719,275

190,421

1,800,000

1,000,000

6,696,000

4,704,454
5,345,971
5,559,810
5,773,649
1,500,000

6,931,000

3,379,000

2,421,000

2,761,324
4,418,118
19,881,533
2,761,324
25,404,181
12,500,000
5,319,773
5,359,473
11,512,942
6,748,966
5,399,173
5,359,473

5,827,000
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Date of Request: August 2, 2024 Request No. DPS-848
Due Date: August 12, 2024 NG Request No. NG-1023

Niagara Mohawk Power Corporation d/b/a National Grid
Case No. 24-E-0322 & 24-G-0323
Data Request

Request for Information

FROM: NYPSC - Chelsea Laquittara
TO: National Grid

SUBJECT: Strategic Account Managers

Request:

In all interrogatories, any requests for workpapers or supporting calculations shall be construed
as requesting any Word, Excel or other computer spreadsheet models in original electronic
format with all formulae intact and unlocked.

1. For each of the last five calendar years (2019, 2020, 2021, 2022, and 2023), provide the
total number of employees who are considered Strategic Account Managers. Identify how
many of these employees are full-time and part-time at NMPC.

2. For calendar year 2024, provide the total number of employees who are considered
Strategic Account Managers. ldentify how many of these employees are full-time and part-
time at NMPC.

3. Regarding the Strategic Account Managers:

a. Provide a detailed explanation of the Strategic Account Manager's current job duties
and functions.

b. Provide all changes made to these duties over the last five years.

Response:

1.-2. The following table summarizes the total number of full-time equivalents (“FTEs”) from
2019 to present who performed some of the activities associated with large customer
managed accounts that will now be handled by the Strategic Account Managers. All of
these FTE are full-time.
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2019 2020 | 2021 2022 | 2023 | 2024
1. Corporate Affairs - Program Managers 17 17 16 17 17 10
% allocation to Large Customer Account
Management activities 40% 40% 40% 40% 25% 10%
Corporate Affairs - Large Customer
Account Management FTE 7 7 7 7 4 1
2. Energy Efficiency - Strategic Account
Partnerships Program Managers 1 2 3 3 3 0
3. Customer Account Management UNY
(starting June 2024) 0 0 0 0 0 9
4. Commercial Services - Large-Scale 4 4 4 5 5 5
Renewables Developers / Wholesale
Transmission Customers
5. National Accounts - EE / Account
Management 1 1 1 1 1 1
TOTAL FTE - Strategic Account
Management 13 14 15 16 13 16

From 2019 through mid-2024, Program Managers on the Company’s Corporate Affairs

performed large-customer account management in addition to their corporate affairs duties.
The primary responsibility of the Corporate Affairs Program Managers during this time
period, however, was to lead stakeholder engagement activities such as building and
maintaining relationships with local chambers of commerce, business associations,
environmental groups, and community leaders.

In addition, from 2019 to 2024, Strategic Account Partnerships Program Managers on the
Energy Efficiency team worked on developing Strategic Energy Management Partnerships
with large customers. These activities were mapped to the new Customer Account
Management Upstate New York team in 2024, which will include the Strategic Account
Managers.

Five Account Managers in the Commercial Services team are responsible for the
relationships with Large Scale Renewables (“LSR”) developers and wholesale transmission
customers. The work associated with LSR development has increased and requires
incremental resources beyond 2024.

One Account Manager from the Energy Efficiency team was responsible for energy
efficiency sales and account management with national accounts customers in upstate New
York. The work associated with national accounts requires incremental resources beyond
2024.

As shown above, while some of the activities associated with large customer managed
accounts were performed by different functions across the Company, the purpose of the
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Strategic Account Managers is to centralize management of large customer accounts into a
dedicated group. This will enable the Company to provide more proactive assistance to its
large commercial and industrial customers and address the planned increase of managed
accounts from approximately 509 to 805 accounts. Additionally, the proposal will allow
the Company’s other functions that previously performed some of these activities to better
focus on their core work while avoiding the need for incremental resources in those areas,

3a. The following is a description of the Strategic Account Manager’s current job duties and
functions:

Key Accountabilities

Form 103

Develop proactive account planning for assigned customers.

Key activities of the Customer Account Management team may include, but are not

limited to:

0 Account Plans: Develop and manage account plans with the customer that
document shared objectives related to the customers’ strategic business plans and
daily operations related to energy. Manage associated action plans among internal
and external stakeholders.

o Infrastructure Planning: Assist customers with electric and gas infrastructure
master planning. Engage Customer Connections and Engineering teams as needed
for technical and financial analysis and problem solving.

o New Connections: Engage Customer Connections teams on specific projects and
monitor interactions with the customer on their portfolio of electric connections
work, gas connections work and DG interconnections. Coordinate with the Electric
and Gas functions as needed.

0 SEMPs: Partner with Customer Solutions sales teams to develop multi-year
Strategic Energy Management Partnerships (SEMPs) with largest accounts focused
on achieving clean energy objectives (i.e., EE, EV, electrification, GHG reduction).

o Clean Energy: Explore opportunities to increase customer implementation of clean
energy projects (including EE, EV, electrification). Engage with Customer
Solutions sales and program management teams on specific projects and monitor
interactions with the customer.

o Executive Engagement: Engage National Grid senior leadership in direct
discussions with key customers on a periodic basis to ensure the voice of the
customer is heard.

Engage customers with curiosity and intent to learn.

Share knowledge and develop technical understanding for economic development,

energy efficiency and the future of heat to determine and shape the customer

experience.

Provide technical guidance, support and coaching to establish National Grid as a leader

in energy solutions.

Build multithreaded relationships within customer account to ensure balanced feedback

and account strategy development.

Distill customer requirements and create a succinct action plan for internal National
Grid stakeholders.

Document action plans and track progress to key metrics, leveraging Salesforce.com.
Take initiative to understand business functions within National Grid and supporting
organizations, building relationships across teams.
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Additional Responsibilities

Provide support during electric and/or natural gas service quality issues or interruptions
— managing the communication of resolutions to the customer executive management.
Liaise with other groups within the Customer Organization team (e.g., Managed
Account Services, Account Maintenance & Operations, etc.) and Electric/Gas
Operations to address metering, billing, and/or payment disputes, performing initial
triage on issues at an appropriate level of detail necessary to handoff for issue
resolution.

Support operations and customer service, including, but not limited to, on-call duties,
storm restoration efforts, outage coordination and support for customer service on a
24/7 basis.

Participate in major storm events as the information liaison for assigned region,
stakeholders, and/or customers during outages and other emergencies.

3b. In 2023 and 2024, the Corporate Affairs Program Managers increased external engagement
with stakeholders and community leaders because of the Phase 2 CLCPA work in Upstate
New York. As such, they spent less time on large-customer account management. The
Customer Account Management UNY team was formed in June 2024. The Strategic
Account Manager roles are in the process of combining the large-customer account
management activities of the Corporate Affairs Program Managers together with the
Strategic Account Partnerships activities of the Energy Efficiency Program Managers as
discussed above.

Name of Respondent: Date of Reply:
Matthew Foran August 12, 2024
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Date of Request: August 2, 2024 Request No. DPS-855
Due Date: August 12, 2024 NG Request No. NG-1030

Niagara Mohawk Power Corporation d/b/a National Grid
Case No. 24-E-0322 & 24-G-0323
Data Request

Request for Information

FROM: NYPSC - Chelsea Laquittara

—

O: National Grid

SUBJECT: Strategic Account Managers 3

Request:

In all interrogatories, any requests for workpapers or supporting calculations shall be construed
as requesting any Word, Excel or other computer spreadsheet models in original electronic
format with all formulae intact and unlocked.

The following questions reference page 37 of the Customer Panel's initial testimony, which
states, "The Company plans to expand the number of Managed Account customers to 805,
with the goal of providing a dedicated account manager to accounts that exceed 750 kW of
electric demand or annual gas consumption of 25,000 dekatherms."

1. For each of the last five calendar years (2019, 2020, 2021, 2022, and 2023), provide the
total number of Managed Account customers. Include a breakdown of electric and gas
accounts.

2.  For calendar year 2024 to date, provide the total number of Managed Account
customers. Include a breakdown of electric and gas accounts.

3. Provide a detailed explanation for the Company's increased forecast from 509 managed
Accounts to 805 accounts and the anticipated timeline for this increase. Include
workpapers, studies, or other documentation to support the Company's forecast.

Response:

1.-2. The Company does not have historic account lists dating back to 2019 but the total
number of managed accounts did not materially change from the current count of 509.
These are enterprise level customer entities. The Company provides electricity
distribution to all 509 managed accounts and also provides gas distribution service to 298
of these accounts.

3. Beginning with the list of 509 currently managed accounts, the Company believes it is
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important that customers that met or exceeded either 750 kW in yearly average demand
or 25,000 Dth in annual gas consumption have a Strategic Account Manager assigned to
their account. Customers of this size typically spend at least $500,000 on energy and
would benefit from an account manager who could provide proactive guidance on
infrastructure planning, new connections, clean energy programs, and assistance on
operational concerns. The expanded target list of 805 managed accounts includes
additional enterprises that met or exceeded either 750 kW in yearly average demand or
25,000 Dth in annual gas consumption. The timing for active management of this
expanded list is dependent on the timing of additional Strategic Account Manager hiring
into the Customer Account Management Upstate New York team, which is expected to
continue through mid-2025.

Name of Respondent: Date of Reply:
Matthew Foran August 12, 2024
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Date of Request: August 9, 2024 Request No. DPS-908
Due Date: August 19, 2024 NG Request No. NG-1118

Niagara Mohawk Power Corporation d/b/a National Grid
Case No. 24-E-0322 & 24-G-0323
Data Request

Request for Information

FROM: NYPSC - Chrystie Stafford

O: National Grid

—

SUBJECT: Call Center Staffing
Request:

In all interrogatories, any requests for workpapers or supporting calculations shall be construed
as requesting any Word, Excel or other computer spreadsheet models in original electronic
format with all formulae intact and unlocked.

1. For each of the last five calendar years (2019, 2020, 2021, 2022, 2023), provide the number
of customer contacts from residential customers that were handled in the internal call
center. Include a breakdown of contact type, such as incoming calls, emails, web contacts,
etc.

2.  For each of the last five calendar years (2019, 2020, 2021, 2022, 2023), provide the number
of customer contacts from residential customers that were handled in the vendors' call
center. Include a breakdown of contact type, such as incoming calls, emails, web contacts,
etc.

3. For each of the last five calendar years (2019, 2020, 2021, 2022, 2023), provide the number
of customer contacts from commercial customers that were handled in the internal call
center. Include a breakdown of contact type, such as incoming calls, emails, web contacts,
etc.

4.  For each of the last five calendar years (2019, 2020, 2021, 2022, 2023), provide the number
of customer contacts from commercial customers that were handled in the vendors' call
center. Include a breakdown of contact type, such as incoming calls, emails, web contacts,
etc.
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1.  For the last five calendar years the number of residential customer contacts handled

internally by the call center can be found below by contact type.

Year
2019
2020
2021
2022
2023

Total
30,166
27,636
28,995
19,554
758

Note: With respect to residential emails, in September 2022, the Company disabled the
email functionality for customers on the website, as it found that communication via chat or
phone were more preferred options. The 2023 volume represents interactions with
customers sending messages directly to the email address they received on a prior
interaction and bypassing the web site.

Residential web contacts:

Year Total
2019 5,725,121
2020 6,161,800
2021 5,350,520
2022 7,602,392
2023 5,791,021

Note that all calls are included for residential inbound calls handled within the call center.
As such, the numbers here will not align to any of the Company’s monthly or annual calls

answered filings.

Year Calls Handled
2019 854,019
2020 1,173,271
2021 1,092,430
2022 1,169,536
2023 1,216,693

2.  For the last five calendar years the number of residential customer contacts handled in the
vendor call center can be found below.

Note that all calls are included for residential inbound calls answered within the call center.
As such, the numbers here will not align to any of the Company’s monthly or annual calls
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answered filings. In addition, one of the Company’s vendor, iQor, are not included in
these numbers because they do not have the ability to report on handled calls.

Year Calls Answered
2019 2,105,329
2020 987,304
2021 1,650,664
2022 1,985,469
2023 1,980,774

3. For the last five calendar years the number of commercial customer contacts handled

internally by the call center can be found below by contact type.

Year
2019

2020

2021
2022
2023

Total

144

134

140
168
58

Note: With respect to commercial emails, in September 2022, the Company disabled the
email functionality for customers on the website, as it found that communication via chat or
phone were more preferred options. The 2023 volume represents interactions with
customers sending messages directly to the email address they received on a prior
interaction and bypassing the web site.

Commercial web contacts:

Year Total
2019 555,888
2020 458,035
2021 566,277
2022 676,268
2023 428,674
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Note that all calls are included for commercial inbound calls handled within the call center.

As such, the numbers here will not align to any of the Company’s monthly or annual calls
answered filings:

Year Calls Handled
2019 108,023
2020 106,971
2021 70,845
2022 82,280
2023 79,751

4.  The Company’s commercial customer contacts are not handled within any of the vendor
call centers.

Name of Respondent:
Jim MacVicar

Date of Reply:
August 19, 2024
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Date of Request: August 9, 2024 Request No. DPS-910
Due Date: August 19, 2024 NG Request No. NG-1120

Niagara Mohawk Power Corporation d/b/a National Grid
Case No. 24-E-0322 & 24-G-0323
Data Request

Request for Information

FROM: NYPSC - Chrystie Stafford

O: National Grid

—

SUBJECT: Information Technology - Customer Portfolio

Request:

In all interrogatories, any requests for workpapers or supporting calculations shall be construed
as requesting any Word, Excel or other computer spreadsheet models in original electronic
format with all formulae intact and unlocked.

For each line item in the Customer Portfolio listed on rows 2-78 and 586-601 in
Exhibit__ (ITDP-4CU):

1. Provide a detailed description of the specific operational efficiencies that the Company
has achieved or expects to achieve (e.g., reduced full-time equivalents or contracted
resources) and how the efficiencies affect the workload of the Company's customer
service employees.

Response:

1. Please see Attachment 1, column F, for the descriptions of operational efficiencies that the
Company has achieved or expects to achieve.

As explained in testimony and prior discovery responses, the Company performed a
comprehensive review of all IT projects to identify and capture any potential savings in
the revenue requirements. If the IT investment will deliver financial benefits, those
benefits are captured in the revenue requirements either through a reduction to total run
the business expenditures (if the benefit is specific to the IT function) or separately as part
of National Grid’s Efficiency Initiatives (if the project will deliver reductions across the
business). This review and presentation of IT benefits is explained in more detail at pages
15-16 of 66 of the ITDP’s direct testimony.

IT Enabled Efficiency Savings

Exhibit__ (RRP-3CU), Schedule 27, Workpaper 1 presents the IT projects that are
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projected to deliver savings as part of National Grid’s Efficiency Initiatives. As shown in
that exhibit, the total IT enabled efficiency savings delivered by the Customer Portfolio of
IT investments is $10.231 million for Electric and $3.435 million for Gas in the Historic
Test Year with additional savings of $2.901 million for Electric and $1.071 million for
Gas forecast in the Rate Year. The total cumulative savings from the Customer Portfolio
of IT investments for Electric and Gas is $13.092 million and $4.496 million, respectively.
As discussed in the direct testimony of the Revenue Requirement Panel, the Company
carried the Rate Year level of savings forward for the Data Years and applied inflation in a
manner that increased the level of savings.

Name of Respondent: Date of Reply:
Ed Brodsky August 19, 2024
Najat Coye
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Investment Name PRJ#  INVP#  Category Portfolio Operational Efficiencies Achieved/Expected To Achieve Inflight/Future Allocation  Forecasted In Service ~ Amorlization.  ~p . jnception to date Forecast - CAPEX - FY25 CAPEX FY26 Beginning FY26 CAPEX FY27 CAPEX FY28 CAPEX FY29 CAPEX Total
Code Date Period FY24 Balance
AIMS Product Team - Annual Program PRI-7779 6787 Core Customer The Agent Interaction Management System (AIMS) product team delivers Interactive Voice Response Future €903 3/31/2026 84 $ - 8 - 8 - 3 - 8 3,574,584 $ - 3 - 8 - 3 3,574,584
AIMS Product Team - Annual Program PRIJ-7779 6787 Core Customer (IVR) tactical initiatives that have increased transaction processing within the IVR, allowing customers Future C903 3/31/2027 84 $ - $ - $ - $ - $ - $ 3454015 $ - $ - $ 3,454,015
AIMS Product Team - Annual Proaram more self-service options that reduce the need for human/agent assistance from the Company's Customer
u u g PRJ-7779 6787 Core Customer Service employees. Self service initiatives will enable employees to focus on assisting customers with Future €903 3/31/2028 84 $ - 8 - 8 - ¢ - 8 - 8 - ¢ 3,443,008 $ - 8 3,443,008
AIMS Product Team - Annual Program PRJ-7779 6787 Core Customer more complex interactions and focus on driving customer satisfaction as market dynamics and customer Future C903 3/31/2029 84 $ - $ - $ - $ - $ - $ - $ - $ 3,448587 $ 3,448 587
needs evolve and change.
AIMS Product Team FY25 PRJ-7779 6787 Core Customer Future C903 3/31/2025 84 $ - $ - $ 1,000,000 $ 1,000,000 $ - $ - $ - 8 - $ 1,000,000
This investment will provide a new platform to support continued IVVR (for self-service interactions) and
Workforce Optimization (WFO) to improve the Company's ability to address customer calls, thereby
AIMS Replatform PRI-5802 6728 Core Customer  educing the need for human/agent assistance from the Company's Customer Service employees. WFO Future C903 3/31/2025 84 $ -8 -8 7,800,000 $ 7,800,000 $ -8 -8 -8 -8 7,800,000
and increases in self-service will enable employees to focus on assisting customers with more complex
interactions and focus on driving customer satisfaction as market dynamics and customer needs evolve
and change.
Billing Collections Mandates Enhancements ~ PRJ-3756 6538 Core Customer This funding mechanism supports investments including system modifications, changes and Future C903 3/31/2025 84 $ - $ - $ 1,640,000 $ 1,640,000 $ - 8 - $ - $ - 8 1,640,000
enhancements to comply with emergent mandates and directives from the PSC or other authorities that
Billing Collections Mandates Enhancements ~ PRJ-3756 6538 Core Customer ~ eauire changes to billing and other critical customer systems to meet regulatory requirements. These Future C903 3/31/2026 84 $ -8 -8 -8 - % 26,355,299 $ -8 -3 -8 26,355,299
could be new or existing products, depending on the mandate/enhancement, and contribute to various
Billing Collections Mandates Enhancements ~ PRJ-3756 6538 Core Customer fhpeiftT";gae' ;gg:gg‘t’;/e;gggzi::: éﬁ;ﬁr:f; eF;? g;or:'o(i r:?jlSﬂ?%ﬁ?gc?izsntig‘uagf;n fﬁgigﬂggm Future C903 3/31/2027 84 $ - s - s - s - s - s 21,811,282 $ - s - s 21,811,282
included in the case assumes the Customer Billing Collections Mandates Enhancements investment is
Billing Collections Mandates Enhancements ~ PRJ-3756 6538 Core Customer approved and implemented. Therefore, the higher costs that would otherwise result absent this Future C903 3/31/2028 84 $ - $ - $ - $ - $ - $ - $ 20,902,478 $ - $ 20,902,478
investment are not included in the Rate Year and Data Years’ forecast.
Billing Collections Mandates Enhancements ~ PRJ-3756 6538 Core Customer Future C903 3/31/2029 84 $ - $ - $ - $ - $ - $ - $ - $ 21,811,282 $ 21,811,282
The Customer function manages inquiries, requests and complaints from external parties via different
methods depending on the organization and solution that was originally selected to manage the case
Case Management PRJ-5909 6775 Core Customer intake process. Once the proper solution is implemented, immediate business benefits such as enhanced
reporting capabilities enabling end to end root cause analysis will lead to continued customer service
experience improvements and reduced intervention from the Company's Customer Service employees.
Future C903 3/31/2025 84 $ - $ - $ 2,600,000 $ 2,600,000 $ - $ - $ - $ - $ 2,600,000
Community Solar Bill Portal This investment is requesting to fund a Self-Serve Billing and Credit Allocation Portal to improve the
PRI-7764 /A Core Customer Community Distributed Generation (CDG) customer experience and further support the implementation Future €902 3/31/2027 84 $ - - - $ - - 512,006 $ - - 512,006
Community Solar Bill Portal PRI-7764 N/A Core Customer of CDG. This new functionality would allow Customers to self-manage their allocations with less Future C902 8/1/2026 84 $ i $ i $ ) $ i $ i $ 7680097 $ i $ i $ 7 680.097
human intervention and processing time, thereby reducing the burden on the Company's Customer — —
Community Solar Bill Portal PRI7764  N/A Core Customer ~ ervice employees. Future C902 4/30/2027 84 $ -3 N N - N - % 341,338 $ N 341,338
ConnectNow (incremental functionality) PRJ-7770 N/A Core Customer A single self-service platform for all Distributed Energy Resources (DER) and Electric Connections Future C902 3/31/2026 84 $ -8 -8 -3 -8 5986,751 $ -3 -8 -8 5,986,751
- . request. This investment will enable full queue management of DER (Solar, ESS, EV) and Load (EV,
ConnectNow (incremental functionality) PRJ-7770 N/A Core Customer Heat Electrification, etc.) from engineering and planning perspective. It will provide enhanced Future C902 3/31/2027 84 3$ - $ - $ - $ - $ - 3$ 7,531,719 $ - $ - $ 7,531,719
ConnectNow (incremental functionality) functionality such as pre-application research assistant, connection schedule, connection finance for
PRJ-7770 N/A Core Customer better visibility externally to trade allies, customers and installers.The self service portal will help Future C902 3/31/2028 84 $ - $ - $ - $ - $ - $ - $ 2,510,573 $ - $ 2,510,573
; P customer to receive information faster that will result in improvement to interconnection timelines/
ConnectNow (incremental functionality) PRJ-7770 N/A Core Customer customer hold time, less cancellations and increase in customer satisfaction. The self service is allowing Future €902 4/1/2027 84 $ - $ - $ - $ - $ - $ - $ 2510573 $ - $ 2,510,573
. L Customer Service Employees to focus on more complex customers and issues.
ConnectNow (incremental functionality) PRJ-7770 N/A Core Customer Future C902 4/1/2028 84 $ - $ - $ - $ - $ - $ - $ - $ 772,484 % 772,484
ConnectNow (legacy Customer Connections) pRJ-3633 5125 Core Customer The legacy Customer Connections project is a mandate to offer interconnection online application portal Future €903 3/31/2025 84 $ - 8 - 8 3,700,000 $ 3,700,000 $ - 8 - 8 - 8 - 8 3,700,000
ConnectNow (legacy Customer Connections)  pRJ-3633 5125 Core Customer to DG customers. This investment will help keep up with regulatory changes, bug fixes, and ongoing Future C903 3/31/2026 84 $ - $ - $ - $ - $ 9747594 $ - $ - $ - $ 9,747,594
ConnectNow (legacy Customer Connections) minor enhancements to DG interconnnection process. The portal helps with tracking tariff timeliness,
gacy PRJ-3633 5125 Core Customer online status and e-payments of Distributed Generation (DG) interconnections. This investment will Future €903 3/31/2027 84 $ - 8 - 8 - ¢ - 8 - 8 10,633,739 $ - 8 - 8 10,633,739
ConnectNow (legacy Customer Connections) prJ-3633 5125 Core Customer continue to improve customer experience and ease of doing business with the Company. The self service Future C903 3/31/2028 84 $ - $ - $ - $ - $ - $ - $ 11,519,884 $ - $ 11,519,884
- is allowing Customer Service Employees to focus on more complex customers and issues.
ConnectNow (legacy Customer Connections)  pRJ-3633 5125 Core Customer Future C903 3/31/2029 84 $ - $ - $ - 3 - $ - $ -3 - $ 12,406,029 $ 12,406,029
This project provides a funding base and governance structure that allows the IT&D organization to
effectively deliver small system changes to the entire Customer portfolio, in response to any regulatory
mandates, operational requirements and value-added enhancements that will occur during the course of
the year. These could be new or existing products, depending on the mandate/enhancement, and
CSS Enhancements FY25 PRJ-7175 6773 Core Customer contribute to various operational efficiencies across the Customer portfolio. The Company has not made
an adjustment for these Type 2 benefits/efficiencies because they do not result in a direct cost reduction.
The cost forecast included in the case assumes the CSS Enhancements investment is approved and
implemented. Therefore, the higher costs that would otherwise result absent this investment are not
included in the Rate Year and Data Years’ forecast. Future C903 3/31/2025 84 $ - $ - $ 350,000 $ 350,000 $ - $ - $ - $ - $ 350,000
Customer Data Platform PRJ-5955 6740 Core Customer This investment will fund the existing Customer Data Platform which provides a centralized platform Future Go11 3/31/2025 84 $ -3 -3 5,500,000 $ 5,500,000 $ -3 -3 -3 -3 5,500,000
for Customer data. By providing access to clean, accessible Customer data insights, 360-degree view of
Customer Data Platform PRJ-5955 6740 Core Customer Customer data, and advanced analytics to improve customer service and decision making, the Customer Future G911 3/31/2027 84 $ - $ - $ - $ - $ - $ 4,147,381 $ - $ - $ 4,147,381
Customer Data Platform Data Platform contributes to various operational efficiencies across the Customer portfolio, including
PRJ-5955 6740 Core Customer indirectly reducing the need for manual intervention from the Company's Customer Service employees Future G911 3/31/2028 84 $ - $ - $ - $ - $ - $ - $ 4,147,381 $ - $ 4,147,381
Customer Data Platform by operating from a single source of data instead of siloed sources of data. With the increased quality
PRJ-5955 6740 Core Customer and analytics to make decisions, the customer service employees will be able focus in and provide better Future G911 3/31/2029 84 $ - $ - $ - $ - $ - $ - $ - $ 4,665,804 $ 4,665,804
Customer Data Platform and more effective decisions and information to customers. _
6740 6740 Core Customer Inflight G911 3/31/2024 84 $ 4,173915 $ 519,326 $ - $ 4693241 $ - $ - $ - $ - $ 4,693,241
Customer Facing Mobile App — In House Solt  pR3-7777 6786 Core Customer o . : : . : : Future C175 3/31/2026 84 $ - $ - $ - 8 - $ 929,491 $ - $ - $ - $ 929,491
This project's focus is to build, deliver and support a new in-house customer facing mobile app that
Customer Facing Mobile App — In House Solt - pRJ-7777 6786 Core Customer provides new customer experience capabilities including: unlocking a new channel for customers to sign Future C175 3/31/2027 84 $ - $ - $ - $ - $ - % 1,956,579 $ - $ - $ 1,956,579
Customer Facing Mobile App — In House SoltpRJ-7777 6786 Core Customer !N using their existing National Grid credentials to view account, billing and payment information and Future C175 3/31/2028 84 $ - s - s -3 -8 - s - 3 1956579 $ - s 1,956,579
submit payments to National Grid. By driving self-service transactions, this investment will reduce the
Customer Facing Mobile App — In House Solt - pRJ-7777 6786 Core Customer burden on the Company's Customer Service employees. Self service initiatives will enable employees Future C175 3/31/2029 84 $ - $ - $ -3 - $ - $ -3 - $ 1,956,579 $ 1,956,579
Customer Facing Mobile App — In House Solt  pRJ-7777 6786 Core Customer to focus_on assisting customers with more complex interactions and focus on driving customer Future C175 6/1/2025 84 $ i $ i $ ) $ i $ 2494755 $ ) $ i $ i $ 2,494,755
satisfaction as market dynamics and customer needs evolve and change.
Customer Mobile Application PRJ-7777 6786 Core Customer Future C903 3/31/2025 84 $ - $ - $ 3,600,000 $ 3,600,000 $ - $ - % - $ - $ 3,600,000
Customer Tech Debt Remediation This investment seeks to replace/update network equipment, servers and operating systems etc. that are
end of life and no longer supported by the vendors. These updates will reduce and prevent system
PRJ-7178 6791 Core Customer outages impacting National Grid customers and improve operational efficiencies by providing a more Future €903 3/31/2026 84 $ ' $ ' $ - $ ' $ 1,858,632 3 - $ ' $ ' $ 1,858,632
. productive and reliable solution for the Company's Customer Service employees.
Customer Tech Debt Remediation FY25
PRJ-7178 6791 Core Customer Future Ca03 3/31/2025 84 $ - $ - $ 2,287,000 $ 2,287,000 $ - $ - $ - $ - $ 2,287,000
Customer Experience Products (CXP) has accumulated significant technical debt over the past decade,
which requires migration and/or re-writing of applications that are currently being used by the Customer
CXP Technical Debt function and our external customers. These updates will reduce and prevent system outages impacting
National Grid customers and improve operational efficiencies by reducing manual intervention from the
Company's Customer Service employees.
PRJ-7592 6776 Core Customer Future C175 3/31/2025 84 $ - $ - $ 2,999,000 $ 2,999,000 $ - $ - $ - $ - $ 2,999,000
Digital Assistant PRJ-4584 6777 Core Customer This project will focus on continuing to improve and deliver personalized experiences and customer self- Euture C903 3/31/2025 84 $ _ g _ g 2000000 $ 2000000 $ . s .8 _ g . s 2,000,000
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Cases 24-E-0322, et al.

Investment Name

INVP #
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Portfolio

Digital Assistant

PRJ-4584

6777

Core

Customer

Digital Assistant

PRJ-4584

6777

Core

Customer

Digital Assistant

PRJ-4584

6777

Core

Customer

Digital Assistant

PRJ-4584

6777

Core

Customer

Operational Efficiencies Achieved/Expected To Achieve Inflight/Future

Allocation

Forecasted In Service

Amortization

Code

Date

Period

CWIP - Inception to date

Forecast - CAPEX

FY24

FY25 CAPEX

FY26 Beginning

Balance

FY26 CAPEX FY27 CAPEX

FY28 CAPEX

FY29 CAPEX
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to digital channels within NG's Unified Web Portal (UWP) and Mobile Web. Key operational
efficiencies include managing call center costs to serve customers by promoting digital adoption and Future

C903

3/31/2026

84

1,919,844 $ -

1,919,844

transaction processing on the Web and reducing dependence on traditional Customer Service employee
interactions (telephone and mail) which have higher costs and may not be aligned to customer Future

C903

3/31/2027

84

1,919,844

1,919,844

expectations. DA will enable the Company to respond swiftly to customer needs and market demands.

As Customers increasingly use web and self service options, employees will focus on assisting Future

C903

3/31/2028

84

2,079,831

2,079,831

customers with more complex interactions and focus on driving customer satisfaction as market

dynamics and customer needs evolve and change.
Future

C903

3/31/2029

84

2,079,831

2,079,831

Documentum Application Modernization

PRJ-5263

6686

Core

Customer

Documentum is an existing content management application used by both back- and front-office
employees. The current legacy application is operating on out of support software and has supporting
assets that are considered end of life. Future operational efficiencies include automating manual back
office processes and reducing outage incidents, leading to a reduced need for manual intervention from
the Company's Customer Service employees. This will enable employees to focus on assisting
customers with more complex interactions and focus on driving customer satisfaction as market

dynamics and customer needs evolve and change. Future
utu

C903

3/31/2025

84

750,000 $

750,000 $ - $ -

750,000

GenAl

6769

6769

Core

Customer

This investment will transform the existing Account Maintenance & Operations' (AMO) mailbox
management by augmenting it with generative artificial intelligence and other advanced technologies.
Upon completion, this investment will improve productivity, work quality, and satisfaction for both
employees and customers, thereby leading to a reduced need for manual intervention from the
Company's Customer Service eymployees. By harnessing the power of automation and artificial
intelligence (Al), we will automate repetitive tasks, enabling our teams to focus on higher-value and
more complex activities and focus on driving customer satisfaction as market dynamics and customer

needs evolve and change. Future

C903

3/31/2025

84

970,000 $

970,000 $ - $ -

970,000

INVP 5125 Customer Connection

5125

5125

Core

Customer

The legacy Customer Connections project is a mandate to offer interconnection online application portal

to DG customers. This investment will help keep up with regulaotry changes, bug fixes, and ongoing

minor enhancements to DG interconnnection process. The portal helps with tracking tariff timeliness,

online status and e-payments of DG interconnections. This investment will continue to improve

customer experience and ease of doing business with the Company. The self service is allowing

Customer Service Employees to focus on more complex customers and issues. Inflight

C175

3/29/2024

84

913,654 $

384536 $ - $

1,298,189 $ - $ -

1,298,189

INVP 5673 My Business Account

5673

5673

Core

Customer

My Business Account (MBA) is focused on re-engineering the National Grid commercial and industrial

(C&l) customers' digital interactions to create a streamlined and seamless customer experience

throughout the customer's journey. This project will continue to deliver operational efficiencies through

providing digital tools to customers to self manage their accounts which will reduce the number of

inquiries that the customer service employees address in this segment of the business. This will enable

the Company to focus on higher-value and more complex activities and focus on driving customer

satisfaction as market dynamics and customer needs evolve and change. Inflight

C175

3/29/2024

84

788,569 $

233,494 % - $

1,022,063 $ - $ -

1,022,063

INVP 6492 NACHA Compliance Sec

6492

6492

Core

Customer

The National Automated Clearinghouse Association (NACHA) requires that National Grid protect
deposit account information by rendering it unreadable when it is stored electronically. I1f we do not
acheive compliance, National Grid is subject to revocation or suspension of processing ACH processing
capabilities, penalties up to $500K per transaction and reputational damage. The Company has not
made an adjustment for these Type 2 benefits/efficiencies because they do not result in a direct cost
reduction. The cost forecast included in the case assumes the NACHA Compliance investment is
approved and implemented. Therefore, the higher costs that would otherwise result absent this

investment are not included in the Rate Year and Data Years’ forecast. Inflight

C175

3/31/2024

84

245,642 $

139,076 $ - $

384,718 $ - $ -

384,718

INVP 6687 FY24 Cust Minor Works

6687

6687

Core

Customer

This project provides a funding base and governance structure that allows the IT&D organization to

effectively deliver small system changes to the entire Customer portfolio, in response to any regulatory

mandates, operational requirements and value-added enhancements that will occur during the course of

the year. These could be new or existing products, depending on the mandate/enhancement, and

contribute to various operational efficiencies across the Customer portfolio. The Company has not made

an adjustment for these Type 2 benefits/efficiencies because they do not result in a direct cost reduction.

The cost forecast included in the case assumes the Minor Works investment is approved and

implemented. Therefore, the higher costs that would otherwise result absent this investment are not

included in the Rate Year and Data Years’ forecast. Inflight

C903

3/31/2024

84

357,665 $

44479 $ - 8

402,144 % - $ -

402,144

INVP 6706 FY24 UWP Enhancements

6706

6706

Core

Customer

This investment is to continue to maintain the existing UWP platform Product Team as customer and
regulatory needs change, allowing our customers more self-service options that reduce the need for
human/agent assistance from the Company's Customer Service employees. Increase in self service will
enable employees to focus on assisting customers with more complex interactions and focus on driving

customer satisfaction as market dynamics and customer needs evolve and change. Infliaht
nflig

C175

3/29/2024

84

982,579 $

546,642 $ - $

1,529,221 $ - $ -

1,529,221

INVP 6713 Customer Facing Mobile Ap

6713

6713

Core

Customer

This project's focus is to build, deliver and support a new in-house customer facing mobile app that
provides new customer experience capabilities including: unlocking a new channel for customers to sign
in using their existing National Grid credentials to view account, billing and payment information and
submit payments to National Grid. By driving self-service transactions, this investment will reduce the

burden on the Company's Customer Service employees.
Inflight

C175

3/29/2024

84

4,127,620 $

530,913 $ - $

4,658,533 $ - $ -

4,658,533

INVP 6715 UWP 2.0 MyAccount Impleme

6715

6715

Core

Customer

This investment focuses on transitioning the existing Unified Web Portal (UWP) to a new, more robust,
higher performing and adaptable platform, allowing for continued self-service opportunities that reduce
the need for human/agent assistance from the Company's Customer Service employees. Increase in self
service will enable employees to focus on assisting customers with more complex interactions and focus

on driving customer satisfaction as market dynamics and customer needs evolve and change.
Inflight

C175

3/31/2024

84

5,049,743 $

1,804,628 $ - $

6,854,371 $ - $ -

6,854,371

INVP 6727 AIMS FY24 Product Team

6727

6727

Core

Customer

The Agent Interaction Management System (AIMSs) product team delivers Interactive VVoice Response
(IVR) tactical initiatives that have increased transaction processing within the IVR, allowing our
customers more self-service options that reduce the need for human/agent assistance from the
Company's Customer Service employees. Increase in self service will enable employees to focus on
assisting customers with more complex interactions and focus on driving customer satisfaction as
market dynamics and customer needs evolve and change.
Inflight

C903

3/29/2024

84

613,973 $

259,383 $ - $

873,356 $ - $ -

873,356

INVP 6728 AIMS RePlatform Sanction

6728

6728

Core

Customer

This investment will provide a new platform to support continued IVR (for self-service interactions) and
Workforce Optimization (WFQO) to improve the Company's ability to address Customer's calls, thereby
reducing the need for human/agent assistance from the Company's Customer Service employees. WFO
and increases in self service will enable employees to focus on assisting customers with more complex
interactions and focus on driving customer satisfaction as market dynamics and customer needs evolve
and change.
Inflight

C903

3/31/2024

84

780,129 $

902,237 $ - $

1,682,365 $ - $ -

1,682,365
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INVP 6746 CXP Tech Debt Initiative

6746

6746

Core

Customer

Customer Experience Products (CXP) has accumulated significant technical debt over the past decade,
which requires migration and/or re-writing of applications that are currently being used by the Customer
Business and our external customers. These updates will reduce and prevent system outages impacting
National Grid customers and improve operational efficiencies by reducing manual intervention from the
Company's Customer Service employees.

Inflight

C175

3/29/2024

84

2,150,178 $

191,021 $

2,341,199

$

2,341,199

Mainframe Security Realignment

PRJ-7162

6778

Core

Customer

This investment seeks to streamline access to the existing mainframe leading to enhanced operational
efficienies, particularly in regards to security and monitoring. The Company has not made an
adjustment for these Type 2 benefits/efficiencies because they do not result in a direct cost reduction.
The cost forecast included in the case assumes the Mainframe Security Realignment investment is
approved and implemented. Therefore, the higher costs that would otherwise result absent this
investment are not included in the Rate Year and Data Years’ forecast.

Future

C903

3/31/2025

84

450,000

$

450,000

$

450,000

My Business Account

PRJ-7180

6785

Core

Customer

My Business Account (MBA) is focused on re-engineering the National Grid commercial and industrial
(C&l) customers' digital interactions to create a streamlined and seamless customer experience
throughout the customer's journey. This project will continue to deliver operational efficiencies through
providing digital tools to customers to self manage their accounts which will reduce the number of
inquiries that the customer service employees address in this segment of the business. Increase in self
service will enable employees to focus on assisting customers with more complex interactions and focus
on driving customer satisfaction as market dynamics and customer needs evolve and change.

Future

C903

3/31/2025

84

1,800,000

$

1,800,000

$

1,800,000

My Business Account (Nucleas) Enhancement

PRJ-7778

6785

Core

Customer

My Business Account (Nucleas) Enhancement

PRJ-7778

6785

Core

Customer

My Business Account (Nucleas) Enhancement

PRJ-7778

6785

Core

Customer

My Business Account (Nucleas) Enhancement

PRJ-7778

6785

Core

Customer

My Business Account (MBA) is focused on re-engineering the National Grid commercial and industrial
(C&I) customers' digital interactions to create a streamlined and seamless customer experience
throughout the customer's journey. This project will continue to deliver operational efficiencies through
providing digital tools to customers to self manage their accounts which will reduce the number of
inquiries that the customer service employees address in this segment of the business.Increase in self
service will enable employees to focus on assisting customers with more complex interactions and focus
on driving customer satisfaction as market dynamics and customer needs evolve and change.

Future

C175

3/31/2026

84

1,999,113

1,999,113

Future

C175

3/31/2027

84

1,919,149

1,919,149

Future

C175

3/31/2028

84

1,999,113

1,999,113

Future

C175

3/31/2029

84

2,079,078 $

2,079,078

NACHA

PRJ-3636

6492

Core

Customer

The National Automated Clearinghouse Association (NACHA) requires that National Grid protect
deposit account information by rendering it unreadable when it is stored electronically. If we do not
acheive compliance, National Grid is subject to revocation or suspension of processing ACH processing
capabilities, penalties up to $500K per transaction and reputational damage. The Company has not
made an adjustment for these Type 2 benefits/efficiencies because they do not result in a direct cost
reduction. The cost forecast included in the case assumes the NACHA Compliance investment is
approved and implemented. Therefore, the higher costs that would otherwise result absent this
investment are not included in the Rate Year and Data Years’ forecast.

Future

C903

3/31/2025

84

588,000

$

588,000

588,000

New Customer Digital Products

PRJ-7369

N/A

Core

Customer

New Customer Digital Products

PRJ-7369

N/A

Core

Customer

New Customer Digital Products

PRJ-7369

N/A

Core

Customer

New Customer Digital Products

PRJ-7369

N/A

Core

Customer

The New Customer Digital Products investment will be used to continue National Grid's customer-
centric digital transformation to promote self-service transactions, improve overall customer experience,
and reduce manual/inefficient operational processes, leading to reduced invervention from the
Company's Customer Service employees. Improved digital offereings and increases in self service
initiatives will enable employees to focus on assisting customers with more complex interactions and
focus on driving customer satisfaction as market dynamics and customer needs evolve and change.

Future

C903

3/30/2026

84

2,262,203

2,262,203

Future

C903

3/30/2027

84

3,800,500

Future

C903

3/30/2028

84

1,266,833

1,266,833

Future

C903

3/30/2029

84

1,719,275  $

1,719,275

NY Green Button Connect

PRJ-2095

N/A

Core

Customer

Green Button Connect (GBC) is an existing application whereby utilities can enable customers to share
their energy consumption data with 3rd Party energy solution providers and companies (such as Retail
Energy, Solar, EE, etc.). Upon completion of the proposed enhancements, the Company will be
compliant with GBC standards and regulatory requirements. The Company has not made an adjustment
for these Type 2 benefits/efficiencies because they do not result in a direct cost reduction. The cost
forecast included in the case assumes the GBC investment is approved and implemented. Therefore, the
higher costs that would otherwise result absent this investment are not included in the Rate Year and
Data Years’ forecast.

Future

C914

4/1/2025

84

190,421

$

190,421

190,421

STS Clean-up (backlog from C2C)

PRJ-7168

6780

Core

Customer

STS Clean-up (backlog from C2C)

PRJ-7168

6780

Core

Customer

This investment seeks to address tickets and requests inputted by the Business to fix issues such as
account errors, missed compliance targets, etc. within the Customer Service System (CSS), which will
contribute to various operational efficiencies across the Customer portfolio. The Company has not made
an adjustment for these Type 2 benefits/efficiencies because they do not result in a direct cost reduction.
The cost forecast included in the case assumes the Service Tracking System (STS) Clean-up investment
is approved and implemented. Therefore, the higher costs that would otherwise result absent this
investment are not included in the Rate Year and Data Years’ forecast.

Future

C903

3/31/2025

84

1,800,000

$

1,800,000

1,800,000

Future

C903

3/31/2026

84

1,000,000

1,000,000

UWP 2.0 MyAccount Implementation and De

PRJ-5323

6715

Core

Customer

This investment focuses on transitioning the existing Unified Web Portal (UWP) to a new, more robust,
higher performing, and adaptable platform, allowing for continued self-service opportunities that reduce
the need for human/agent assistance from the Company's Customer Service employees. As the Company
moves to this new solution which is a lower cost technology the overall operating costs and environment
will be less complex, simpler to utilize and less expensive. Self-service initiatives will enable employees
to focus on assisting customers with more complex interactions and focus on driving customer
satisfaction as market dynamics and customer needs evolve and change.

Future

C903

8/30/2024

84

6,696,000

6,696,000

6,696,000

UWP Product Team Annual Program

PRJ-7179

6784

Core

Customer

UWP Product Team Annual Program

PRJ-7179

6784

Core

Customer

UWP Product Team Annual Program

PRJ-7179

6784

Core

Customer

UWP Product Team Annual Program

PRJ-7179

6784

Core

Customer

UWP Product Team FY25

PRJ-7179

6784

Core

Customer

This investment is to continue to maintain the existing UWP platform Product Team as customer and
regulatory needs change, allowing customers more self-service options that reduce the need for
human/agent assistance from the Company's Customer Service employees. Self service increases will
enable employees to focus on assisting customers with more complex interactions and focus on driving
customer satisfaction as market dynamics and customer needs evolve and change.

Future

C903

3/31/2026

84

4,704,454

4,704,454

Future

C903

3/31/2027

84

5,345,971

Future

C903

3/31/2028

84

5,559,810

5,559,810

Future

C903

3/30/2029

84

5,773,649

Future

C903

3/31/2025

84
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1,500,000

AMI NY

PRJ-279

4704

Strategic

Customer

AMI NY

PRJ-279

4704

Strategic

Customer

AMI NY

PRJ-279

4704

Strategic

Customer

This investment seeks to deploy Advanced Metering Infrastructure (AMI) across the Company's service
territory to modernize its electric meters, gas modules and supporting infrastructure and systems,
offering operational efficiencies, improving customer experience/insights, and providing a foundational
platform supporting grid modernization efforts.

Future

C113

3/31/2025

84

6,931,000

6,931,000

6,931,000

Future

C113

3/31/2026

84

3,379,000

3,379,000

Future

C113

3/31/2027

84

2,421,000

2,421,000

CIS Enhancements

PRJ-8343

6434

Strategic

Customer

CIS Enhancements

PRJ-8343

6434

Strategic

Customer

CIS Enhancements

PRJ-8343

6434

Strategic

Customer

CIS Enhancements

PRJ-8343

6434

Strategic

Customer

CIS Enhancements

PRJ-8343

6434

Strategic

Customer

Customer Information System (CIS) Enhancements will deliver enhanced functionality to the existing
CIS Platform. Now that National Grid has consolidated CRIS and CSS into single system (CSS), future
CIS enhancements and componentization will provide more effective ways for the Company's Customer
Service reps and advocates to support new billing capabilities.

Future

C903

3/31/2025

84

2,761,324

2,761,324

Future

C903

12/31/2026

84

4,418,118

4,418,118

Future

C903

9/30/2027

84

19,881,533

- $

19,881,533

Future

C903

6/30/2028

84

2,761,324  $

2,761,324

Future

C903

3/31/2029

84

25,404,181 $

25,404,181
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Total

Clean Energy

PRJ-2082

5100

Strategic

Customer

Clean Energy

PRJ-2082

5100

Strategic

Customer

Clean Energy

PRJ-2082

5100

Strategic

Customer

Clean Energy

PRJ-2082

5100

Strategic

Customer

Clean Energy

PRJ-2082

5100

Strategic

Customer

Clean Energy

PRJ-2082

5100

Strategic

Customer

Clean Energy

PRJ-2082

5100

Strategic

Customer

Clean Energy 2.0’s (CE2.0) objectives and key results (OKRs) expect to achieve an Electric Vehicle Future

C903

3/31/2025

84

12,500,000 $

12,500,000 $

12,500,000

(EV) application cycle time reduction target of 10-20%. Through efficiencies in the new platform, this
gives the customer service employees the ability to process more EV applications with the staff they
have, to achieve growing goals. CE2.0 has also uncovered process efficiencies the EV business would Future

C903

6/15/2025

84

5,319,773

$

5,319,773

need to implement to further aid in the workload of customer service employees.
Energy Efficiency (EE) OKRs include comprehensive OKRs including the reduction of conversion time Future

C903

11/30/2025

84

5,359,473

$

5,359,473

through data driven prioritization metrics such as early visibility of savings, reduction in program design

and implementation time, and application processing and reporting overhead with a target of 27%. The Fut
uture

C903

4/1/2027

84

11,512,942

11,512,942

new platform will also move the energy efficiency ecosystem, from account managers to vendors, into a
single unified platform driving efficiencies across day-to-day activities resolving inefficiencies and
governance issues. Future

C903

4/1/2028

84

6,748,966

6,748,966

Efficiencies provided by the platform will benefit multiple areas, including the IT and Customer Energy

Management (CEM) environments. Businesses will see savings through a single unified platform for Future

C903

4/15/2026

84

5,399,173 $

5,399,173

tracking and process oversight, speed to market, on demand reporting, and shorter reconciliation phases.

Future

C903

11/15/2026

84

5,359,473 $

5,359,473

Customer Experience Initiatives (ZBR)

PRJ-1718

6606

Strategic

Customer

The existing Customer Experience Initiatives (ZBR) program is proposing to undertake additional

programs to enhance operational efficiencies and modernize the customer experience, leading to a

reduced need for human/agent assistance from the Company's Customer Service employees. These

programs include: (1) optimizing the front-office delivery model (the manner in which calls are handled)

for the Company’s contact center, (2) reducing calls with self service, (3) minimizing average call

handling time, (4) first call resolution, (5) automating manual work, (6) optimizing back-office

processes and capacity, and (7) promoting e-bill (Paperless) adoption. Improvements to process and

reduction in calls, along with self service increases will enable employees to focus on assisting

customers with more complex interactions and focus on driving customer satisfaction as market

dynamics and customer needs evolve and change. Future

C903

3/31/2025

84

5,827,000 $

5,827,000 $

5,827,000
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Date of Request: August 9, 2024 Request No. DPS-913
Due Date: August 19, 2024 NG Request No. NG-1123

Niagara Mohawk Power Corporation d/b/a National Grid
Case No. 24-E-0322 & 24-G-0323
Data Request

Request for Information

FROM: NYPSC - Chelsea Laquittara

—

O: National Grid

SUBJECT: Customer Payment Methods

Request:

In all interrogatories, any requests for workpapers or supporting calculations shall be construed
as requesting any Word, Excel or other computer spreadsheet models in original electronic
format with all formulae intact and unlocked.

The following questions reference pages 123-124 of the Company's Electric Rate Design initial
testimony, which states, "The Company has received an increased volume of inquiries from
Customers' regarding our accepted methods of payment. Although the payment methods
accepted are posted to the Company's website, and updated when required, the Company is
proposing the inclusion of the payment methods we accept to ensure there is additional
clarification regarding the acceptable forms of payment.”

1. Provide a redline version of the revised electric and gas tariff(s) that will include this
language.

2. Provide the list of accepted payment methods.

3. For each of the last five calendar years (2019-2023), provide the number of inquiries
received by the Company regarding customer's payment options, separately by residential
and non-residential.

4. Indicate if the proposed payment methods will vary between electric and gas customers.

Response:

1.  The redlined tariff leaves specific to the language regarding the acceptable forms of
payment are attached here as Attachment 1 for the electric tariff and Attachment 2 for the
gas tariff.

2. Customers can access a list of the acceptable forms of payment on their bill and the

Form 103
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Company’s website at https://www.nationalgridus.com/pay-bill. The acceptable methods
include:

Online using a checking or savings account;

Mailing a check payable to National Grid;

Credit/debit card:

I. Using Western Union Speedpay (fees starting at $1.75 for residential
customers and $5.95 for business customers); or

ii. Over the phone through the Company’s IVR system, which directs the
customer to Western Union Speedpay (fees starting at $1.75 for residential

customers and $5.95 for business customers).

Automated bank account payments;
Digital payments using Venmo, PayPal, Google Pay, or ApplePay through Speedway
(fees may apply starting at $1.75 for residential customers and $5.95 for business

customers);

Using cash in-person at authorized National Grid payment locations;

Using checks or money orders in-person at authorized Western Union locations;
Through a customer’s bank website that supports electronic bill payment;

Using Healthfirst OTC and OTC plus cards (in-person at Walmart; or by calling the

insurance company directly).

3. The chart below provides the number of inquiries received by the Company regarding
customer's payment options for calendar years 2019 — 2023. The below inquiries were all
made by residential customers. There were no inquiries from non-residential accounts.

PSC Case Volumes Residential - Accounts
Year NiMO Long Island DNY Total:
2019 0 0 0 0
2020 0 0 0 0
2021 0 0 0 0
2022 0 0 1 1
2023 1 1 0 2
4. The payment methods in #2 above are available for both electric and gas customers.

Name of Respondent:

Carol Teixeira

Form 103

Date of Reply:
August 19, 2024
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PSC NO: 220 ELECTRICITY LEAF: 54
NIAGARA MOHAWK POWER CORPORATION REVISION: 2+
INITIAL EFFECTIVE DATE: MARCH-HJULY 3, 2024 SUPERSEDING REVISION: 61
STAMPS:
GENERAL INFORMATION
2. HOW SERVICE MAY BE OBTAINED: (continued)
24 Whenever service is supplied from a line extension constructed in accordance with the provisions of

these rules and regulations relating to line extensions or to additional or special facilities, or whenever such
service is subject to a surcharge or minimum charge determined pursuant to these rules, the applicant or
customer shall:

24.1  Make written application for service upon Company's prescribed forms.

242  Comply with all the applicable provisions of these rules including the guarantee to pay the
surcharge or minimum charge.

2.5 Acceptable Forms of Payment

2.5.1 The Company accepts the following forms of payment from customers: cash, check, debit
or credit card, electronic bank transfer, Healthfirst OTC and OTC Plus card.

2.52 An up-to-date listing of acceptable methods of payment is provided on the Company’s

website.
3. LIMITATION OF THE SERVICE OFFER:
3.1 Denial of Service

3.1.1  Residential applicants, as defined in Rule 1.4, Definitions.

3.1.1.1 The Company reserves the right to deny or refuse to supply service to a residential
applicant who is indebted to the Company for residential service provided to a prior account
in their name, unless one of the following qualifications are met:

3.1.1.1.1 The applicant makes full payment of the arrears for the residential service
provided to any such prior account in their name; or

3.1.1.1.2 The applicant has pending a billing dispute with the Company or the
Public Service Commission with respect to any amounts due for service to a prior

account in their name; or

3.1.1.1.3 The applicant has paid any amounts required by the settlement of a
billing dispute relating to a prior account in their name; or

Issued by Rudolph L. Wynter, President, Syracuse, NY
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PSC NO: 219 GAS LEAF: 28
NIAGARA MOHAWK POWER CORPORATION REVISION: 12
INITIAL EFFECTIVE DATE: 65/23/06507/03/24 SUPERSEDING REVISION: 61
STAMPS:

GENERAL INFORMATION

2. HOW SERVICE MAY BE OBTAINED: (continued)

2.4.3.3 Deposit:

24331 Copies of a circular entitled "TERMS AND CONDITIONS UPON
WHICH CONSUMERS' DEPOSITS ARE COLLECTED, HELD, AND
MAY BE WITHDRAWN" setting forth Section 117 of the Public
Service Law and Subchapter A, Chapter 111, Title 16 of the New York
Code of Rules and Regulations, Part 225.3 are available upon request at
offices of the Company where applications for service are received.

2.5 Acceptable Forms of Payment
2.5.1  The Company accepts the following forms of payment from customers: cash, check, debit or credit
card, electronic bank transfer, Healthfirst OTC and OTC Plus card.
2.5.2 _ An up-to-date listing of acceptable methods of payment is provided on the Company’s website.
3. PRIORITY OF SERVICE:
31 Effective November 1, 1977, and continuing thereafter until modified or terminated by Company or order of

the Public Service Commission:

3.1.1  The Company will permit the attachment of residential space heating customers in new or existing
one or two family homes. Applications will also be accepted from residences for small appliance
use.

3.1.1.1 The applicant will be required to contribute to the estimated cost of the service line pursuant
to Rule 11. Prior to the attachment for space heating use, the applicant shall conform to the
minimum insulation standards pursuant to Part 233, 16 NYCRR.

3.1.2  The Company will accept applications for new or additional commercial and industrial gas use. For
estimated gas use of 50,000 Dth or more per year, the Company may require the applicant to install
or have available dual fuel facilities. In the event dual fuel capability is required, adequate alternate
fuel must be maintained in order to enable the customer to satisfactorily operate their facilities
whenever and so long as the gas supply is interrupted.

3.1.3  Dual fuel facilities will not be required if the Company approves the process because of its unique
nature whereby there is not a feasible substitute. Applications where there is no feasible substitute
will generally be limited to 20,000,000 Btu per hour input. In cases where such applications would
exceed this limitation, the Company will give consideration to the gas use requested giving
recognition to the total amount of gas available for sale and the potential demands by other
qualifying customers.

Issued By: Witliam-F-EdwardsRudolph L. Wynter, President, Syracuse, New York
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Date of Request: August 9, 2024 Request No. DPS-915
Due Date: August 19, 2024 NG Request No. NG-1125

Niagara Mohawk Power Corporation d/b/a National Grid
Case No. 24-E-0322 & 24-G-0323
Data Request

Request for Information

FROM: NYPSC - Chelsea Laquittara

—

O: National Grid

SUBJECT: Strategic Account Managers

Request:

In all interrogatories, any requests for workpapers or supporting calculations shall be construed
as requesting any Word, Excel or other computer spreadsheet models in original electronic
format with all formulae intact and unlocked.

The following questions reference page 37 of the Customer's initial testimony, which states,
"The Company plans to expand the number of Managed Account customers to 805, with the
goal of providing a dedicated account manager to accounts that exceed 750 kW of electric
demand or annual gas consumption of 25,000 dekatherms."

1. For each of the last five calendar years (2019, 2020, 2021, 2022, and 2023), provide the
total number of complaints from Managed Account customers received by the
Company. Include a breakdown of electric and gas accounts, and the nature of the
complaints.

2. For calendar year 2024 to date, provide the total number of complaints total number of
complaints from Managed Account customers received by the Company. Include a
breakdown of electric and gas accounts, and the nature of the complaints.

Response:

1. The Company only tracks escalated complaints that are managed by the Company’s
Office of the President team. Please refer to Attachment 1 for a listing of escalated
complaints from Managed Account customers tracked by the Company’s Office of the
President team from 2019 through 2023. During this period, there were a total of 9
escalated complaints associated with electric accounts and one escalated complaint
associated with gas accounts.
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2. There have been no escalated complaints from Managed Account customers tracked by
the Company’s Office of the President team during 2024 year to date.

Name of Respondent: Date of Reply:
Matthew Foran August 19, 2024

Form 103
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Niagara Mohawk Power Corporation

d/b/a National Grid

Cases 24-E-0322 & 24-G-0323
DPS-915 Attachment 1

Page 1 of 2

Date Received Region Case Number Category Site/Company Description Case Comments

2/24/2023 New York Upstate 03981131 Non-Managed Mohawk Customer has requested to review data related to their metering
device. The customer experienced a dip in power and suspects there
are some upstream impacts that are causing this issue. The customer
has attempted to work with local National Grid representatives and
has not been successful in getting this issue corrected.

5/8/2019 New York Upstate 00890323 NYSPSC Capital This case is being refiled so that a detailed response can be provided
to OCs and to Albany County. Original correspondence from Case
735804 will be attached to the Utility Notice.
11/3/2023 New York Upstate 04793281 NYSPSC Frontier Consumer states they were just informed by the utility that their On 11/2/2023, Customer contacted National Grid to have the outage

company electrical service is going to be shut off from 11/6/2023 -  rescheduled for December 2023. National Grid informed the

11/23/2023 for reinstallation work on their L183. Consumer states  Customer, National Grid is taking an outage of the Dupont-Packard

they requested that date of the scheduled work be pushed back until 183LN to replace insulators at multiple locations due to severe

December due to the short notice but was told it could not be. hardware degradation. National Grid Crews will be replacing

Consumer states their business is a reliability program for the state insulators and hardware on all towers of this circuit during the

of NY and are in need of advanced notice for service terminations outage time frame.

due to maintenance.
National Grid Transmission Asset Management Department
determined that the severe hardware degradation on the circuit
needed to be addressed as soon as possible. The work is being
completed in response to an outage that occurred on both 183LN &
184LN causing approximately 7.8K Customers and three Industrial
Customers to lose power.

7/20/2020 New York Upstate 00866058 NYSPSC Capital After National Grid made some changes to its transmission
infrastructure an inadvertent current starting go through SABICs'
transformers.

9/3/2020 New York Upstate 00866986 NYSPSC Capital | spoke to B NYS PSC customer service representative. He Added PSC closing letter
asked me to send in the documented third party report which is
attached.

1/20/2021 New York Upstate 01214558 NYSPSC Capital Reopened for Informal Hearing Customer has requested an Informal Hearing on a multi-Million
This case has been reopened to begin Mr. M informal dollar project that is not needed if they changed switches on their
hearing process. National Grid will be contacted by PSC Informal end per Mark Harbaugh.

Hearing Unit Staff in the future with further information.
4/27/2022 New York Upstate 02764081 Correspondence  Western Correspondence received re: transformer ownership discount Forwarded a letter to C N___ with National Auditing

Services & Consulting, LLC. They provided copy of letter confirming
permission from OTB president that we can discuss account with
them. The letter confirms that the customer with a SC3 with a
delivery voltage of 2.2-15kV & has customer owned transformer is
charged standard Tariff rate. Provided website to go to for further
information. Also advised that $616.84 was a credit for late payment
charge and that the next 2 bills also had late payment charges
credited as a courtesy. Provided copy of 1-year statement for
review.



Cases 24-E-0322, et al. Exhibit (SCsp-1)

Page 87 of 136
Niagara Mohawk Power Corporation

d/b/a National Grid

Cases 24-E-0322 & 24-G-0323
DPS-915 Attachment 1

Page 2 of 2

3/20/2019 New York Upstate 00893392 QRS Frontier Consultant has contacted this office to request assistance with a
service classification/rate dispute. Consultant states that account
was activated on the SC-3 rate and based on historic usage qualifies
for the SC-2D and should have been placed on the SC-2D rate from
activation. Consultant is requesting a retroactive adjustment for the
account at the SC-2D rate for six years or the date the account was
opened plus applicable interest on the overpaid charges. Consultant
correspondence requesting assistance will be attached as a file to
the Utility Notice for this case.

8/14/2023 New York Upstate 04506135 QRS Frontier A concrete riser and metal cover (18 diameter) was hit during a Visited site and advised M___ S that this is City of Buffalo
blizzard by equipment and is now above grade. The wires are going Property and not our electrical. Also, we contacted the City of
to expose and my employees can't mow around it. Please place the Buffalo traffic division to advise.
riser back at grade to remove the hazard
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Date of Request: August 15, 2024 Request No. DPS-956
Due Date: August 26, 2024 NG Request No. NG-1207

Niagara Mohawk Power Corporation d/b/a National Grid
Case No. 24-E-0322 & 24-G-0323
Data Request

Request for Information

n

ROM: NYPSC - Chelsea Laquittara

TO: National Grid

SUBJECT: Data Privacy and Data Governance Full-Time Equivalents
Request:

In all interrogatories, any requests for workpapers or supporting calculations shall be construed
as requesting any Word, Excel or other computer spreadsheet models in original electronic
format with all formulae intact and unlocked.

The following questions reference the Company's proposal for an incremental 2.5 full-time
equivalents (2.5) for Data Privacy and Data Governance on pages 78-80 of the Customer Panel's
initial testimony and Exhibit__ (CP-8).

1. For each of the last five calendar years (2019, 2020, 2021, 2022, and 2023), provide the
total number of projects and/or initiatives within Niagara Mohawk that required a "Data
Privacy and Data Stewardship™ employee. Indicate how many of these projects were
specific to Niagara Mohawk only and how many were allocated to Niagara Mohawk from
the Service Company.

2. For calendar year 2024 to date, provide number of number of projects and/or initiatives
within Niagara Mohawk that required a "Data Privacy and Data Stewardship™ employee.
Indicate how many of these projects were specific to Niagara Mohawk only and how many
were allocated to Niagara Mohawk from the Service Company.

Response:

1. National Grid has not had a dedicated employee for data privacy or data stewardship and
therefore has not utilized such a resource on projects over the last five years. While
projects and work have required review for data privacy and stewardship issues, that
review has been handled by different individuals across the Company on top of their
normal day jobs. As explained in the Customer Panel’s direct testimony, the Company’s
focus on promoting increased energy efficiency services, non-pipes alternatives, non-wires
alternatives, and various forms of assistance to low-to-moderate income customers has
created the need for dedicated resources for data privacy and data stewardship matters.
Accurate customer data and the protection of that data is vital to the success of customer-
facing efforts; hence, the need for the proposed FTEs.

Form 103
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2. In calendar year 2024 there have been six initiatives identified that are in progress or
scheduled to start that currently do not have dedicated resources assigned to them but
would benefit from focused resources. These are Service Company initiatives, the costs of
which will be allocated to Niagara Mohawk and other operating affiliates.

Vi.

Match and Merge Logic: Data stewards would be used to ensure that the match and

merge logic is accurate with continuous fine-tuning activities to ensure National
Grid provides the single view of customer. Data privacy work would involve
maintaining controls and security of data access points as they relate to responsible
and safe customer data sharing practices with agencies and vendors.

Customer Hierarchy: Through this process National Grid will build a customer

hierarchy that includes data from external sources matched and merged with the
internal customer service system. The external dataset will also bring in non-
customer data and additional attributes. Data privacy work would involve
maintaining controls and security of data access points as they relate to responsible
and safe customer data sharing practices with agencies and vendors.

Data Quality Metrics: Addition of data quality rules totaling over 40 data checks is
needed in National Grid’s Informatica Customer Data Quality tool. The results of
any accounts that fail these checks will be provided to the data stewards.

Data Quality Metrics Dashboards: Create dashboards to show the high-level
percentage of passed and failed metrics to show the overall impact and success of
clean-up activities.

Quality Clean-up: Data stewards will be provided a detailed report of customers with
quality issues. The teams will coordinate outreach to the customer to gather the
correct information. The source systems will then make the updates based on the
outreach initiatives.

Implement Process and System Changes: Data stewards and data privacy equivalents
will work with the business users to ensure any system and process document
updates are complete to ensure the data is entered correctly the first time. Data
privacy will also ensure that Personal Identifiable Information is not entered into any
fields other than those earmarked to hold this level of data.

Name of Respondent: Date of Reply:

Carlos Nouel August 26, 2024

Form 103
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Date of Request: August 15, 2024 Request No. DPS-957
Due Date: August 26, 2024 NG Request No. NG-1208

Niagara Mohawk Power Corporation d/b/a National Grid
Case No. 24-E-0322 & 24-G-0323
Data Request

Request for Information

n

ROM: NYPSC - Chelsea Laquittara

TO: National Grid
SUBJECT: Data Privacy and Data Governance Full-Time Equivalents

Request:

In all interrogatories, any requests for workpapers or supporting calculations shall be construed
as requesting any Word, Excel or other computer spreadsheet models in original electronic
format with all formulae intact and unlocked.

The following questions reference the Company's proposal for an incremental 2.5 full-time
equivalents (2.5) for Data Privacy and Data Governance on pages 78-80 of the Customer Panel's
initial testimony and Exhibit__ (CP-8).

1. Provide the following information:

a. A detailed explanation of the current job duties and functions of the "Lead Analyst
Data Governance."
b. The time associated with each job duty/function provided in response to Question
1.a., above.
C. Provide all changes made to these duties over the last five years.
Response:

1. Asexplained in the response to DPS-956, National Grid does not currently have FTEs
dedicated to data governance. Because of the increase in services and programs that
require the sharing of customer data, the Company requires the need of 2.5 Lead Analysts
who will be dedicated to data governance and data privacy work and issues.

Lead Analyst Data Governance, Data Privacy — 0.5 FTE

a. As noted in the Company’s response to DPS-293, this role is driven by regulatory
requirements for protection of customer data and increased energy efficiency
services, non-pipes alternatives, non-wires alternatives, and various forms of
assistance to low-to-moderate income customers to help advance the clean energy
transition. The below bullet provides further details of the proposed job function.

Form 103
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e Maintain controls and security of data access points as they relate to responsible
and safe customer data sharing practices with agencies, vendors, and through the
NYSERDA IEDR/NYS Clean Energy agenda.

b. 50% of this 0.5 FTE’s time will be associated with the duties listed above.

C. The Company currently does not have any FTEs working on these duties; therefore,
there have been no changes in the last five years.

Lead Analyst Data Governance, Data Stewardship — 2.0 FTE

a. As noted in the Company’s response to DPS-293, these roles are driven by the need
to maintain the accuracy and integrity of customer data in National Grid’s front
office, back office, and clean energy management areas. The below bullets provide
further details of the proposed job function.

e Cleanse and remediate customer data for improved communication, interactions,
and service to customers. Estimated time 20%.

e Create and maintain processes, procedures, business rules and standards, and
access controls to ensure that data quality, data definition, and privacy standards
are met. Estimated time 15%.

e Coordinate outreach efforts with other subject matter experts to prioritize data
requests and issues to ensure effective updates for mature and trusted customer
data. Estimated time 15%.

b. 50% of these 2.0 FTE’s time will be associated with the duties listed above and a
further breakdown of time can be found above next to the actual duty/function.

C. The Company currently does not have any FTEs working on these duties; therefore,
there have been no changes in the last five years.

Name of Respondent: Date of Reply:
Carlos Nouel August 26, 2024
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Date of Request: August 16, 2024 Request No. DPS-971
Due Date: August 26, 2024 NG Request No. NG-1229

Niagara Mohawk Power Corporation d/b/a National Grid
Case No. 24-E-0322 & 24-G-0323
Data Request

Request for Information

ROM: NYPSC - Chrystie Stafford

5 ‘“

National Grid

SUBJECT: Customer Service Performance Indicators (CSPI) - Call Center Staffing (Follow-Up
to DPS-302)

REQUEST:

In all interrogatories, any requests for workpapers or supporting calculations shall be construed
as requesting any Word, Excel or other computer spreadsheet models in original electronic
format with all formulae intact and unlocked.

1.  For each month of 2024 to date, provide the following:

a. The number of internal employees who were going through training for employment
with the in-house call center(s);

b. The number of trained, in-house, call center full-time equivalents (FTEs) who
regularly take customer calls;

c. The number of trained, in-house, customer service FTEs who answer Public Service
Commission (PSC) complaints and/or regularly perform tasks other than taking calls;

d. The number of internal customer service staff, including call-takers, who left the
Company or changed their position within the Company;

e. The average daily number of external call center employees utilized by the Company's
third-party vendor(s);

f.  The number of customer service representative (CSR) positions the Company allocated
for the call center(s);

g. The number of vacant CSR positions in the call center(s).

2. For each month of 2024 to date, provide the number of hours worked for the following
positions:

a. Trained, in-house call center employees.
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b. External call center employees through the Company's third-party vendor(s).
3. For each month of 2024 to date, provide the following number of FTE positions:

a. Meter readers employed at the Company, both in-house and through the Company's
third-party vendor(s) (separately state in-house and third-party).

b. In-house meter readers who left the Company or changed their position within the
Company to a non-meter reader position.

Response:

1. a. Thetable below contains the monthly totals to date of National Grid’s employees in
training for the NMPC call center.

2024
January 28
February 20
March 18
April 22
May 21
June 26
July 26
August 11

b. The table below contains the monthly totals to date of National Grid’s full-time
representative employees for the NMPC call center.

2024
January 113
February 111
March 116
April 121
May 118
June 126
July 130
August 140

c. To date, for 2024 the Company has 7 trained, in-house, full-time staff who answer
PSC complaints and/or perform tasks related to escalated customer complaints for
NMPC.

Form 103
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d.

e.
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The monthly number of CSRs who left or changed positions to date 2024.

CY24 NMPC
January 8
February 10
March 8
April 2
May 4
June 3
July 7
August 5

The to date 2024 monthly average daily number of external call center employees
utilized by the Company's third-party vendor(s) can be found below, by vendor.

Vendor: iQor
CY24 NMPC
January 38
February 31
March 31
April 27
May 26
June 28
July 32
August 32

Vendor: Startek

CY24 NMPC

January 53
February 48
March 50
April 50
May 53
June 61
July 72
August 65
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Vendor: TSI
CY24 NMPC
January 104
February 98
March 97
April 116
May 117
June 115
July 135
August 122

f.  The number of allotted CSR positions monthly for 2024 to date

CYy24 NMPC
January 154
February 146
March 131
April 155
May 144
June 138
July 133
August 149

g. The number of vacant CSR positions monthly for 2024 to date

CY24 NMPC
January
February
March
April
May
June
July
August

00O OO OOOoOOo
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2. a. The Monthly hours worked in 2024 to date by trained in-house representatives.

CYy24
January
February
March
April
May
June
July
August

NMPC
19773
15981
21887
19456
21177
21201
23154
16053

b. The 2024 monthly number of hours worked to date by external call center employees
through the Company’s third-party vendor(s) can be found below, by vendor.

Vendor: iQor

CYy24
January
February
March
April
May
June
July
August

Vendor: Startek

CYy24
January
February

March

April

May

June

July
August

Form 103

NMPC
10114
8515
8705
9249
9652
10311
13890
8280

NMPC
4861
4106
4497
3797
4603
3301
3930
2268
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Vendor: TSI
CY24 NMPC
January 22558
February 18488
March 20619
April 23912
May 22604
June 21575
July 27873
August 16292

3. The table below contains the 2024 monthly break-down of meter reads FTE positions.

Name of Respondent:

CY2024 |In House |[External |Meter Reads [Meter Reads
Meter Meter Left move to Non-
Reads Readers |Company Meter Reading

Position

January |33 0 0 0

February (33 0 0 0

March 33 0 0 0

April 34 0 0 0

May 36 0 0 0

June 36 0 0 0

July 36 0 0 0

August |36 0 0 0

Date of Reply:

Frederick Daum

Form 103

August 26, 2024
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Date of Request: August 27, 2024 Request No. DPS-992
Due Date: September 6, 2024 NG Request No. NG-1307

Niagara Mohawk Power Corporation d/b/a National Grid
Case No. 24-E-0322 & 24-G-0323
Data Request

Request for Information

n

ROM: PSC - Adam Polmateer

TO: National Grid

SUBJECT: Economic Development — Natural Gas Grant Programs

Request:

In all interrogatories, any requests for workpapers or supporting calculations shall be construed
as requesting any Word, Excel, or other computer spreadsheet models in original electronic
format with all formulae intact and unlocked.

On pages 124 and 125 of the Customer Panel's direct testimony, the Company proposes to
continue three natural gas economic development grant programs. The following questions relate
to those programs.

1. Regarding the Company's Economic Development and the Future of Heat, provide the
following information:

a. For each of the past five calendar years (2019, 2020, 2021, 2022 and 2023), provide
the total number of applications received by the Company and how many of those
applications were approved for grant funding.

b. For each of the past five calendar years (2019, 2020, 2021, 2022 and 2023), provide
the total amount awarded for each of those grants and total spending.

C. For the program description found on pg. 125 line 1: "Encourage customer and
community investment in NPA's," provide a brief description of the project scope
for each of the approved grant applications and how it relates to the program
description.

d. For each of the past five calendar years (2019, 2020, 2021, 2022 and 2023), provide
a description of how the Company determines the success of this program and an
explanation of what success has been achieved by this program.

2. Regarding the Company's Sustainable Gas and Economic Development program, provide
the following information:

Form 103
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For each of the past five calendar years (2019, 2020, 2021, 2022 and 2023), provide
the total number of applications received and how many of those applications were
approved for grant funding.

For each of the past five calendar years (2019, 2020, 2021, 2022 and 2023), provide
the total amount awarded for each of those grants and total spending.

For the program description found on pg. 125 lines 2-5: "Does not provide funding
for upgrades to the gas delivery system, but encourages the development and
demonstration of sustainable and renewable gas technologies.” provide a brief
description of the project scope for each of the approved grant applications and how
it relates to the program description.

For each of the past five calendar years (2019, 2020, 2021, 2022 and 2023), provide
a description of how the Company determines the success of this program and an
explanation of what success has been achieved by this program.

3. Regarding the Natural Gas Manufacturing Program, provide the following information:

a.

Response:

1. a.-c.

Form 103

For each of the past five calendar years (2019, 2020, 2021, 2022 and 2023), provide
the total number of applications received and how many of those applications were
approved for grant funding.

For each of the past five calendar years (2019, 2020, 2021, 2022 and 2023), provide
the total amount awarded for each of those grants and total spending.

For the program description found on pg. 125 lines 6-8: "provides support for
initiatives that allow customers to maintain or increase their manufacturing output
while reducing the amount and cost of production inputs including labor, materials
and energy" provide a brief description of the project scope for each of the approved
grant applications and how it relates to the program description.

For each of the past five calendar years (2019, 2020, 2021, 2022 and 2023), provide
a description of how the Company determines the success of this program and an
explanation of what success has been achieved by this program.

No new applications were received or approved for this program during the period
2019-2023.

Like most of the Company’s economic development grant programs, the “Economic
Development and the Future of Heat” program will be evaluated based on economic
impacts, including new or retained jobs and new capital investment in the regional
economy. Because no projects were completed between 2019 and 2023, the
Company has not had an opportunity to evaluate the benefits of this program during
that period.
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No new applications were received or approved for this program during the period
2019-2023.

Like most of the Company’s economic development grant programs, the
“Sustainable Gas and Economic Development” program will be evaluated based on
economic impact, including new or retained jobs and new capital investment in the
regional economy. Because no projects were completed between 2019 and 2023, the
Company has not had an opportunity to evaluate the benefits of this program during
that period.

3. Please see Attachment 1.

Name of Respondent Date of Reply:
Arthur Hamlin September 5, 2024

Form 103



Cases 24-E-0322, et al.

Exhibit  (SCSP-1)

Page 101 of 136
Niagara Mohawk Power Corporation
d/b/a National Grid
Cases 24-E-0322 & 24-G-0323
DPS-992 Attachment 1

Page 1 of 6
3. Natural Gas Manufacturing Productivity Progran
CY 2019 CY 2020 CY 2021 CY 2022 CY 2023
a. Applications Received 10 1 5 5 6
Applications Approved 11 0 4 3 3
b. Funding awarded (approved) $106,755 $0 $92,484 $86,000 $45,432
Total Spending $0 $0 $69,691 $3,000 $112,982
o . . Jobs Created/
c. Application Number Approval Year  Project Description Retained
5076 2019 Support for "Lean Kaizen" training and foundational work to 32
achieve ISO 9001 certification. These initiatives will allow this
Albany optical products manufacturer to improve process efficiency
and product quality, leading to increased productivity and new
market opportunities.
5150 2019 This grant supported delivery of "Training Within Industry"” (TWI) 114
for front line production employees. By building a foundation for
problem solving, standardized work, continuous improvement and
operational excellence, this Central NY food processor will increase
manufacturing productivity and improve occupational safety
performance.
5250 2019 Cohoes-based manufacturer of process automation equipment is 185

undertaking continuous improvement and growth projects that will
focus on supply chain optimization, value chain mapping and
export controls compliance, which will improve operational
efficiency and increase manufacturing sales/output.
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c. Application Number

5271

5307

5309

5310

Approval Year

Exhibit  (SCSP-1)

Page 102 of 136
Niagara Mohawk Power Corporation
d/b/a National Grid
Cases 24-E-0322 & 24-G-0323
DPS-992 Attachment 1
Page 2 of 6

Project Description Jobs Created/

2019

2019

2019

2019

Retained

Scope of work will include an independent assessment of this 70
Syracuse company's technology environment versus Department of

Defense manufacturing and quality standards. The project will

identify areas of weakness, current compliance risks and a roadmap

for remediation.

HVAC equipment manufacturer in Albany is undertaking a multi- 6
faceted product development initiative including supply chain

optimization, quality planning and process Failure Mode and Effect
Analysis (FMEA).

Support for "Lean manufacturing" assistance that will enable this 105
North Syracuse air filtration company to reduce costs and eliminate
manufacturing process waste.

"Go to Market Discovery" project will create a strategic plan for 49
this Manlius manufacturer, to ensure top-line sales growth while

stabilizing their existing customer/revenue base. Also included is

assistance with the company's current sales pipeline backlog to

stabilize revenue and customer base to ensure retained sales and

retained jobs while exploring opportunities for future top line

growth.
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5308

c. Application Number

5315

5351

5399

5835

2019

Approval Year

Exhibit _ (SCSP-1)

Page 103 of 136

Niagara Mohawk Power Corporation

d/b/a National Grid

Cases 24-E-0322 & 24-G-0323

Manufacturer of precision electrical components is investing in
Lean Six Sigma "green belt" training for quality assurance, lead
time reduction and overall productivity improvement across
multiple product lines.

Project Description

2019

2019

2019

2021

Support for a Capital Region paper manufacturer's new product
development efforts, utilizing Technology Driven Market
Intelligence (TDMI) to identify the benefits and market impacts of
technology-based assets.

Albany industrial equipment manufacturer is implementing a
comprehensive productivity/quality improvement project focusing
on supply chain optimization and ISO Quality Management
Systems.

Support for foundational "lean manufacturing” training for this
Oneida precision manufacturer will include Lean Six Sigma,
Blueprint Reading, Toyota Kata and problem solving, all designed
to improve processes and eliminate waste.

Cooling technology manufacturer in Syracuse is undertaking a
comprehensive productivity and growth project including
warehouse optimization support, NIST cybersecurity review, and
compliance assessments related to international regulations for
chemical use in manufacturing.

DPS-992 Attachment 1
Page 3 of 6

368

Jobs Created/
Retained

20

220

39

120
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Niagara Mohawk Power Corporation

d/b/a National Grid

Cases 24-E-0322 & 24-G-0323

DPS-992 Attachment 1

Page 4 of 6
5846 2021 Scope of work is focused on FDA compliance, 1SO certification 10
and Quality Management System (QMS) for internal audits and
management support. The project will enable this medical
equipment manufacturer to retain existing business while expanding
sales to the European markets.
o . - Jobs Created/
: P D T —
c. Application Number Approval Year roject Description Retained
5902 2021 Quality management project will enable this plastic foam 38

manufacturer in Amsterdam to establish standards and processes
that result in consistently high quality within the tight specifications
and narrow window of deviation increasingly demanded by
customers.

5954 2021 Comprehensive "lean manufacturing” project will include on-site 90
Toyota Kata Coaching and Integrated Computer Solutions to
improve efficiency/productivity and ensure NIST standard
compliance, this Syracuse-based precision fabricator to work within
the Department of Defense supply chain.

6123 2022 Central NY precision machining company is investing in 45
comprehensive productivity and quality improvement training,
including Toyota Kata Training and Coaching, Kaizen Coaching
and Productivity Engineering for Plant Expansion Planning. The
project will provide foundational training and skills to meet urgent
quality needs and complete a lean transformation across the facility.
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Niagara Mohawk Power Corporation

d/b/a National Grid

Cases 24-E-0322 & 24-G-0323

DPS-992 Attachment 1

Page 5 of 6
6124 2022 Comprehensive productivity improvement and top-line growth 20
project for this Syracuse manufacturer of specialty HVAC and
filtration systems, including Lean Six Sigma training, compliance
testing and support for International Product Certification.
6172 2022 Grant funds will support process improvement/Kata coaching and 6
Value Stream Mapping for this paper manufacturer in Pulaski, NY.
Process efficiency metrics will track improvements in order
confirmation, order processing, scheduling and lead times.
o . - Jobs Created/
: Project Description - .
c. Application Number Approval Year I p Retained
6369 2023 Schenectady manufacturer of advanced composites and automation 6

equipment is investing in productivity improvement through Value
Stream Mapping, a "lean” management technique that focuses on
end-to-end process optimization and elimination of waste.

6435 2023 Scope of work includes identification and implementation of 20
process improvements related to the company's technology
platforms, business systems and performance reporting. All
activities are aimed at improving the efficiency, accuracy and
precision of business support processes for this Syracuse-based
printing and packaging manufacturer.

6457 2023 This Albany manufacturer is transitioning to a new facility and will 77
undertake several initiatives aimed at creating a more efficient plant
layout, optimizing per-unit production costs, and establishing a
spatial blueprint for additional investments in equipment and
manufacturing capacity.
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Niagara Mohawk Power Corporation

d/b/a National Grid

Cases 24-E-0322 & 24-G-0323

DPS-992 Attachment 1

Page 6 of 6

d. In addition to the benefits detailed in the project descriptions above, the Company measures the economic impact of this program in
terms of jobs created or retained in the Niagara Mohawk gas service territory. Those estimated impacts are provided above for each
project. In total, the Natural Gas Manufacturing Productivity Program has helped create or retain an estimated 1,640 jobs during the
period 2019-2023.

Also, to help evaluate the effectiveness of the Company's Economic Development grant programs, an online survey is distributed to
all companies and organizations that complete a project and receive a grant reimbursement. Survey responses include an estimate of
cost savings per year, new annual revenue and retained annual revenue. Eight customers provided estimated benefits as follows:

Total Annual Cost Savings $1.3 million

Total Annual Revenue Increase $1.25 million
Total Retained Annual Revenue $70 million

Finally, the same survey asks grant recipients to provide feedback on the role that National Grid funding played in the completion
and timing of the project. 14 customers who were surveyed responded as follows:

National Grid funding led the customer to take actions that they otherwise would not have taken: 100% positive response
National Grid funding led the customer to take actions more quickly than they otherwise would have: 93% positive response



Cases 24-E-0322, et al. Exhibit (SCSP-1)
Page 107 of 136

Date of Request: August 29, 2024 Request No. DPS-1001
Due Date: September 9, 2024 NG Request No. NG-1430

Niagara Mohawk Power Corporation d/b/a National Grid
Case No. 24-E-0322 & 24-G-0323
Data Request

Request for Information

n

ROM: PSC - Chelsea Laquittara

TO: National Grid

SUBJECT: Customer Outreach - "Other Delivery Surcharge"

Request:

In all interrogatories, any requests for workpapers or supporting calculations shall be construed
as requesting any Word, Excel, or other computer spreadsheet models in original electronic
format with all formulae intact and unlocked.

The following questions reference the Company's proposal on pages 115-116 of the Electric
Rate Design Panel's initial testimony to "move all of the delivery surcharges that are currently
included in the Delivery Charge line of customers' bills into a new bill line item, Other Delivery
Surcharges (‘'ODS')."

1. Provide the Company's proposed outreach plan and associated materials regarding this
proposed "ODS" line item.

a. If the Company has not yet developed outreach materials regarding this line item,
provide the date they will be available.

2. Indicate if the Company intends to update the definitions provided on customers' bill with
the proposed ODS line item. If not, explain why not.

a. Provide the proposed language the Company will use on the bill for the "ODS" line
item.
b. If the Company has not yet developed this language, provide the anticipated date it

will be available.

Response:

1.  See Attachment 1 for the Company’s proposed Outreach Plan for the ODS. The Company
has not developed outreach materials at this time, but draft materials will be developed at
least 30 days prior to the anticipated effective date of the new rate plan. These materials
will not be finalized until the Company receives an Order approving the ODS mechanism.

Form 103
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2. Yes, the Company plans to modify the definitions on the back of the bill to reflect this new
ODS line item on customer bills. As the ODS is comprised of various delivery surcharges,
the bill definition will refer customers to the monthly ODS statement that will be filed to
identify the individual delivery surcharges and rates that are included in the ODS. An
illustration of the monthly statement was provided in Exhibit __ (E-RDP-13) of the
Company’s initial testimony. The back of bill definition language for the ODS will be
similar to the following:

“See the Company’s Statement of Other Delivery Surcharges (“ODS”) for applicable
monthly delivery surcharges that are included in the ODS at
https://www.nationalgridus.com/Upstate-NY-Business/Rates/Rate-Statements”.

Name of Respondent: Date of Reply:
Carol Teixeira September 9, 2024

Form 103
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Niagara Mohawk Power Corporation

d/b/a National Grid

Cases 24-E-0322 & 24-G-0323
DPS-1001 Attachment 1

Page 1 of 1

Request No. DPS-1001
Other Delivery Surcharges (“ODS”): Outreach Plan

Talking points for Talking points will be provided to customer-facing

Customer Service, groups, including the Customer Service Within 1-2 weeks
Account Managers & representatives in our call centers, as well as our  following approval
Consumer Advocates Account Managers and Consumer Advocates.

Information about the new ODS line item will be
added to the About Your Bill section of the
Website Updates National Grid website. Updates will include: Within 2-3 weeks
- An update to the Interactive Bill Samples following approval
(“Help Reading Your Bill”)
- Frequently Asked Questions / Bill FAQs

Messages informing customers of the new line Within 2-4 weeks
. item on their bill will be included on relevant following approval;
Email Content Boxes o : :
emails, including monthly emails that are sent to to appear on
all customers. multiple emails.

An on-bill message will be placed on all customer = Within 2 billing
On Bill Message bills with a weblink to learn more about how to cycles following
read your bill approval

A definition of the ODS will be added to the back  Within 1 billing
Bill Statement of the bill and will include a link to the website cycle following
where monthly rate statements can be found. approval

WeConnect is a quarterly customer newsletter
with multiple features and short articles about
safety precautions, energy saving tips and
important news for customers. A feature for the
new ODS line item will be included to explain the
addition and what it means for customers.

Within 3-4 billing
cycles following
approval

WeConnect Article



Cases 24-E-0322, et al. Exhibit (SCSP-1)
Page 110 of 136

Date of Request: August 30, 2024 Request No. DPS-1006
Due Date: September 9, 2024 NG Request No. NG-1468

Niagara Mohawk Power Corporation d/b/a National Grid
Case No. 24-E-0322 & 24-G-0323
Data Request

Request for Information

FROM: PSC - Chelsea Laquittara

TO: National Grid

SUBJECT: Customer Outreach & Education Expenditures - Follow Up to DPS-851

Request:

In all interrogatories, any requests for workpapers or supporting calculations shall be construed
as requesting any Word, Excel, or other computer spreadsheet models in original electronic
format with all formulae intact and unlocked.

1. For Niagara Mohawk only, fill in the attached spreadsheet with the associated outreach and
education expenditures in each category for each year of the past five calendar years (2019,
2020, 2021, 2022 and 2023), separately for electric and gas.

a. If certain information is unavailable for a requested calendar year, provide the
information available and indicate the time frame (e.g., rate year or fiscal year).

b. If certain data cannot be provided for a requested category (Energy Efficiency,
Energy Affordability Program, etc.) and/or subcategory (bill inserts, signage),
provide a detailed explanation as to why the requested information for a specific
category cannot be provided.

2. Confirm whether the outreach budget and expense information provided in the Company's
response to DPS-851 is specific to Niagara Mohawk only, or also includes the outreach
information for all of National Grid's New York businesses, including The Brooklyn Union
Gas Company d/b/a National Grid NY (KEDNY) and KeySpan Gas East Corp. d/b/a
National Grid (KEDLI).

Response:

1. a See Attachment 1. Estimated and actual outreach and education budgets were
presented and filed according to the format requested annually by the Department of
Consumer Services.

b. See response to la.
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2.  Electric outreach budget and expense information provided in the Company’s response to
DPS-851 is specific to Niagara Mohawk only. Natural gas outreach and expense
information includes Niagara Mohawk, KEDNY, and KEDLI.

Name of Respondent: Date of Reply:
Nicole Jezykowski September 9, 2024

Form 103
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d/b/a National Grid
Cases 24-E-0322 & 24-G-0323
DPS-1006 Attachment 1
Page 1 of 4

Niagara Mohawk Power Corporation
d/b/a National Grid

Cases 24-E-0322 & 24-G-0323
DPS-1006 Attachment 1

elec gas elec gas elec gas elec gas elec gas elec
Estimated Estimated Estimated Estimated Estimated Estimated Estimated Estimated Estimated Estimated Estimated
Budget Budget Budget Budget Budget Budget Budget Budget Budget Budget Budget
April1,2019- Aprill, 2019 - January — January — April 2020 — April 2020 — January- January - January- January - January -
March 31, 2020 March 31, 2020 | December 2020 December 2020 | March 2021 March 2021 | December 2022 December 2022 | December 2023 December 2023 | December 2024
$8,162,156 $8,512,817 $8,512,817 $9,281,840 $8,757,363 $10,9¢
Outreach Plan Total (SUM of Electric and Gas)
Outreach Plan Total (Electric and Gas separately) $2,605,148 $5,557,008 $3,115,546 $5,397,271 $3,115,546 $5,397,271 $3,307,912 $5,973,928 $2,801,572 $5,952,191 $6,571,561
Energy Efficiency,
Bill Inserts $59,085 $62,919 $63,000 $23,371
Brochures/Flyers $19,695 $31,460 $15,750 $69,698
Direct Mail $177,255 $314,595 $236,250 $265,826
Educational Videos $295,424 $283,136 $6,219 $0
Email $196,950 $346,055 $794 $0
Media (Broadcast, agency) $236,340 $471,893 $92,050 $762,898
Newsletters $15,414 $27,474
Web and digital media $687,798 $1,258,380 $408,599 $482,640
Other (Creative Dev, Pop Signage, Web Mgt) $296,950 $346,055 $484,924 $1,308,832
Energy Efficiency Total]  $756,284 $1,317,123 $2,054,869 $1,812,304 $1,969,497 $3,114,493 $1,323,000 $2,940,739
Customer Service
Bill Inserts $153,386 $254,628 $194,700 $302,647
Brochures/Flyers
Direct Mail
Educational Videos
Email
Media (Broadcast, agency)
Newsletters
Web and digital media
Other (creative, signage, web)
Customer Service Total]  $66,058 $87,387 $65,058 $86,687 $153,386 $254,628 $194,700 $302,647
Seasonal Campaigns
Bill Inserts $6,750 $8,250
Brochures/Flyers
Direct Mail
Educational Videos $10,000 $10,000
Email $75,000
Media (Broadcast, agency)
Newsletters
Web and digital media
Other (creative, signage, web)
Seasonal Campaigns Total $215,292 $297,308 $204,000 $306,000 $91,750 $18,250 $55,000 $55,000
General
Bill Inserts
Brochures/Flyers
Direct Mail
Educational Videos
Email
Media (Broadcast, agency)
Newsletters
Web and digital media
Other (creative, signage, web)
General Totall  $1,567,514 $3,855,190 $791,619 $3,192,280
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Niagara Mohawk Power Corporation

d/b/a National Grid

Cases 24-E-0322 & 24-G-0323
DPS-1006 Attachment 1

Page 2 of 4

elec gas
Estimated Estimated
Budget Budget
April 1,2019- April 1, 2019 -

March 31, 2020 March 31, 2020

elec

Estimated
Budget

January —
December 2020

gas

Estimated
Budget

January —
December 2020

elec

Estimated
Budget
April 2020 -
March 2021

gas

Estimated
Budget
April 2020 -
March 2021

elec gas
Estimated Estimated
Budget Budget
January- January -

December 2022 December 2022

elec gas
Estimated Estimated
Budget Budget
January- January -

December 2023 December 2023

elec

Estimated
Budget
January -
December 2024

Energy Affordability,

Bill Inserts
Brochures/Flyers $12,300 $22,700 $14,600 $25,400
Direct Mail $109,500 $40,500
Educational Videos $43,800 $16,200
Email
Media (Broadcast, agency)
Newsletters
Web and digital media $127,750 $42,250
Outbound calling HEAP $21,600 $25,600
Other (Robocals, Care & Share) $29,565 $51,435 $54,239 $79,565
Energy Affordability Total $344,515 $198,685 $68,839 $104,965
Service Related Communications $87,657
Bill Inserts $33,033 $70,001 $6,000 $252,554
Brochures/Flyers $175,266 $892,495 $181,988 $226,385
Direct Mail $375,635 $890,743
Educational Videos $92,635 $0 $10,092
Email $154,972 $15,000 $115,704
Media (Broadcast, agency) $166,800 $500,000 $500,000
Newsletters $2,768 $19,883 $12,000 $50,982
Web and digital media $15,088 $188,457 $26,922 $193,230
Other (creative, signage, web) $52,250 $156,751 $74,088 $364,250
Service Related Communications Total $278,405 $1,829,651 $1,191,633 $2,603,940
Other Communications
Bill Inserts
Brochures/Flyers $3,000 $3,000
Direct Mail $5,371 $7,120
Educational Videos
Email
Media (Broadcast, agency) $116,759 $154,774
Newsletters
Web and digital media $147,729 $195,827
Other (creative, signage, web)
Other Communications Total $272,859 $360,721
Outreach Events $395,000 $84,400

Notes:
The requested reporting format was standardized to
annual beginning in 2022.

Reporting of outreach expense and budgets by
specific communications tactic was requested in 2021
and 2022




Cases 24-E-0322, et al.

Niagara Mohawk Power Corporation
d/b/a National Grid

Cases 24-E-0322 & 24-G-0323
DPS-1006 Attachment 1

Exhibit (SCSP-1)
Page 114 of 136
Niagara Mohawk Power Corporation
d/b/a National Grid
Cases 24-E-0322 & 24-G-0323

DPS-1006 Attachment 1

Page 3 of 4

gas elec gas elec gas elec gas elec gas elec gas
Estimated
Budget Actual Actual Actual Actual Actual Actual Actual Actual Actual Actual
January - April 1,2018 -  April 1, 2018 - January — January — April 2020 - April 2020 - January- January- January- January-
December 2024 March 31, 2019 March 31, 2019 | December 2019 December 2019 March 2021 March 2021 | December 2022 December 2022 | December 2023 December 2023
14,518 $9,202,040 $6,908,100 $9,191,890 $8,202,116 $8,316,437
Outreach Plan Total (SUM of Electric and Gas)
Outreach Plan Total (Electric and Gas separately) $4,392,958 $2,582,980 $6,619,061 $2,535,108 $4,372,992 $2,785,342 $6,406,548 $2,482,129 $5,719,987 $3,492,127 $4,824,309
Energy Efficiency
Bill Inserts $7,867 $15,217 $0 $10,000
Brochures/Flyers $3,000 $7,158 $0 .
Direct Mail $0 $21,000 $0 $228,861
Educational Videos $210,241 $66,034 $11,750 $0
Email $144.,447 $117,207 $1,500 $37,670
Media (Broadcast, agency) $257,779 $149,157 $173,904 $1,282,888
Newsletters $0 $0 $29,120 $46,200
Web and digital media $717,302 $1,431,060 $771,938 $811,606
Other (Creative Dev, Pop Signage, Web Mgt) $136,727 $202,560 $667,608 $882,047
Energy Efficiency Total $1,181,841 $1,893,793 $1,529,128 $767,335 $1,477,364 $2,009,394 $1,655,820 $3,299,272
Customer Service
Bill Inserts $102,891 $222,516 $177,000 $275,134
Brochures/Flyers
Direct Mail
Educational Videos
Email
Media (Broadcast, agency)
Newsletters
Web and digital media
Other (creative, signage, web)
Customer Service Total $8,269 $14,388 $42,760 $72,565 $102,891 $221,516 $177,000 $275,134
Seasonal Campaigns
Bill Inserts $32,794 $49,192
Brochures/Flyers
Direct Mail $2,000 $2,000
Educational Videos
Email $38,860 $21,694
Media (Broadcast, agency) $135,032 $212,307
Newsletters
Web and digital media $38,425 $65,295
Other (creative, signage, web)
Seasonal Campaigns Total $285,000 $155,255 $138,908 $290,475 $35,590 $21,694 $208,251 $328,793
General
Bill Inserts
Brochures/Flyers $3,000 $3,000
Direct Mail $5,371 $7,120
Educational Videos
Email
Media (Broadcast, agency) $116,759 $154,774
Newsletters
Web and digital media $147,729 $195,827
Other (creative, signage, web)
General Total $1,107,690 $4,555,624 $824,312 $3,242,617 $272,859 $360,721
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gas elec gas elec gas elec gas elec gas elec gas
Estimated
Budget Actual Actual Actual Actual Actual Actual Actual Actual Actual Actual
January - April 1,2018 -  April 1, 2018 - January — January — April 2020 - April 2020 - January- January- January- January-
December 2024 March 31, 2019 March 31, 2019 | December 2019 December 2019 March 2021 March 2021 | December 2022 December 2022 | December 2023 December 2023
Energy Affordability
Bill Inserts
Brochures/Flyers $10,372 $6,448
Direct Mail $8,017 $12,026
Educational Videos
Email
Media (Broadcast, agency)
Newsletters
Web and digital media
Outbound calling HEAP
Other (Robocals, Care & Share) $37,743 $54,608 $49,766 $88,727
Energy Affordability Total $68,155 $107,201
Service Related Communications
Bill Inserts $115,615 $246,554
Brochures/Flyers $35,088 $35,088 $27,013 $85,885
Direct Mail $862,686 $146,462 $695,425
Educational Videos $6,020 $0 $0
Email $152,970 $0 $100,704
Media (Broadcast, agency) $266,950 $0 $0
Newsletters $133,411 $0 $38,982
Web and digital media $68,765 $2,768 $169,076
Other (creative, signage, web) $55,500 $196,622 $196,300 $372,962
Service Related Communications Total $90,588 $1,838,127 $372,543 $1,709,587
Other Communications
Bill Inserts
Brochures/Flyers
Direct Mail $195,000 $345,000
Educational Videos $22,000 $22,000
Email $175,000 $165,000
Media (Broadcast, agency) $199,154 $199,154
Newsletters
Web and digital media $60,265 $60,265
Other (creative, signage, web)
Other Communications Total $651,419 $791,419

Outreach Events

Notes:
The requested reporting format was standardized to
annual beginning in 2022.

Reporting of outreach expense and budgets by
specific communications tactic was requested in 2021
and 2022
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Date of Request: September 13, 2024 Request No. DPS-1027
Due Date: September 23, 2024 NG Request No. NG-1555

Niagara Mohawk Power Corporation d/b/a National Grid
Case No. 24-E-0322 & 24-G-0323
Data Request

Request for Information

FROM: PSC - Chelsea Laquittara

—

O: National Grid

SUBJECT: Strategic Account Managers

Request:

In all interrogatories, any requests for workpapers or supporting calculations shall be construed
as requesting any Word, Excel, or other computer spreadsheet models in original electronic
format with all formulae intact and unlocked.

1. In Excel format, provide a list of customers, with personal information redacted, that
currently meet the "Managed Accounts” criteria as defined on page 37 of the Customer
Panel initial testimony. Indicate whether each customer meets the 750 kW in yearly
average electric demand, or 25,000 Dth in annual gas consumption, or both.

2. Confirm if the current full-time equivalents (FTEs) dedicated to Managed Account
customers are called "Strategic Account Managers" within the Commercial Services Team
or if the "Strategic Account Managers" is a new group entirely.

3. For each of the last five calendar years (2019, 2020, 2021, 2022, and 2023), provide how
many positions of the FTEs dedicated to "Managed Accounts"” customers were vacant.

Response:

1.  Please refer to Attachment DPS-68-1027 for a list of customers, with customer and
company names redacted, that currently meet the “Managed Accounts” criteria as defined
on page 37 of the Customer Panel’s direct testimony. Please note that the Company has
existing relationships with some customers that do not meet these thresholds. Because of
the importance of maintaining these relationships, these customers will continue to be
classified as “Managed Accounts.”

2. The current full-time equivalents (“FTEs”) dedicated to Managed Account customers are
called “Key Account Managers” in the new Customer Account Management UNY team.
The Commercial Services team is a separate team responsible for the relationships with
Large Scale Renewables developers and wholesale transmission customers.

Form 103
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3. For each of the last five calendar years (2019, 2020, 2021, 2022, and 2023), there were no
long-term vacancies. Any FTE that moved out of a role was backfilled within a few
months. In the Company’s response to DPS-848, the Company provided the following
table (included here for reference), which summarizes the total number of FTEs who
perform(ed) Strategic Account Management activities from 2019 to present. One
Corporate Affairs Program Manager position was vacant at the end of 2021 but was
backfilled in 2022.

| 2019 2020 2021 2022 2023 2024
1. Corporate Affairs - Program Managers 17 17 16 17 17 10
% allocation to Large Customer Account Management activities 40% 40% 40% 40% 25% 10%)
Corporate Affairs - Large Customer Account Management FTE 7 7 7 7 4
2. Energy Efficiency - Strategic Account Partnerships Program Managers 1 2 3 3 3 0
3. Customer Account Management UNY (starting June 2024) 0 0 0 0 0 9
4. Commercial Services - Large-Scale Renewables Developers / Wholesale 5 5 5 5 5 5
Transmission Customers
5. National Accounts - EE / Account Management 1 1 1 1 1 1
TOTAL FTE - Strategic Account M. 1t 14| 15 16 16 13 16
Name of Respondent: Date of Reply:
Matthew Foran September 23, 2024

Form 103
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Customer
Customer 1
Customer 2
Customer 3
Customer 4
Customer 5
Customer 6
Customer 7
Customer 8
Customer 9
Customer 10
Customer 11
Customer 12
Customer 13
Customer 14
Customer 15
Customer 16
Customer 17
Customer 18
Customer 19
Customer 20
Customer 21
Customer 22
Customer 23
Customer 24
Customer 25
Customer 26
Customer 27
Customer 28
Customer 29
Customer 30
Customer 31
Customer 32
Customer 33
Customer 34
Customer 35
Customer 36
Customer 37
Customer 38
Customer 39
Customer 40
Customer 41
Customer 42

Electric Threshold:
750 kW Annual Avg
Demand
Meets
Doesn't Meet
Meets

Meets
Doesn't Meet
Meets

Meets
Doesn't Meet
Meets

Meets

Meets

Meets

Meets

Meets

Meets

Meets
Doesn't Meet
Meets

Meets

Meets

Meets

Meets

Meets

Meets

Meets

Meets
Doesn't Meet
Meets

Meets

Meets

Meets

Meets

Meets

Meets

Meets

Meets

Meets

Meets

Meets

Meets

Meets
Doesn't Meet

et al.

Gas Threshold:
25,000 Dth Annual
Consumption
Not Applicable
Meets

Not Applicable
Not Applicable
Doesn't Meet
Doesn't Meet
Meets

Doesn't Meet
Meets

Meets

Doesn't Meet
Not Applicable
Meets

Meets

Doesn't Meet
Not Applicable
Doesn't Meet
Meets

Meets

Doesn't Meet
Meets

Not Applicable
Meets

Meets

Doesn't Meet
Meets

Doesn't Meet
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Meets

Meets

Doesn't Meet
Doesn't Meet
Doesn't Meet
Doesn't Meet

Old/New
Managed
Account
New
New
Old
Old
Old
New
New
Old
New
Old
Old
Old
Old
Old
Old
Old
Old
Old
Old
Old
New
Old
Old
Old
New
Old
Old
Old
New
Old
New
Old
Old
Old
Old
Old
Old
Old
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Old
Old
Old
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Yes
Yes
Yes
Yes
No
Yes
Yes
No
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
No
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
No
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
No

d/b/a National Grid

Cases 24-E-0322 & 24-G-0323
DPS-1027 Attachment 1

1of 17

Meets both Electric and
Gas Thresholds

No
No

Not Applicable
Not Applicable

No
No
Yes
No
Yes
Yes
No

Not Applicable

Yes
Yes
No

Not Applicable

No
Yes
Yes
No
Yes

Not Applicable

Yes
Yes
No
Yes
No
No

Not Applicable
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Not Applicable

Yes
Yes
No
No
No
No
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Customer 43
Customer 44
Customer 45
Customer 46
Customer 47
Customer 48
Customer 49
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Customer 51
Customer 52
Customer 53
Customer 54
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Customer 57
Customer 58
Customer 59
Customer 60
Customer 61
Customer 62
Customer 63
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Customer 66
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Meets
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Meets
Meets
Meets
Meets
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Meets
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Meets
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Doesn't Meet
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Doesn't Meet
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Doesn't Meet
Meets

Meets
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Not Applicable
Doesn't Meet
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No
Yes
Yes
Not Applicable
Not Applicable
Not Applicable
No
No
Not Applicable
Not Applicable
Yes
No
Not Applicable
No
Yes
Yes
Yes
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Not Applicable
No
No
Not Applicable
No
No
No
Yes
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No
No
Not Applicable
Not Applicable
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Customer 89

Customer 90

Customer 91

Customer 92
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Customer 94

Customer 95
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Customer 97

Customer 98
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Customer 100
Customer 101
Customer 102
Customer 103
Customer 104
Customer 105
Customer 106
Customer 107
Customer 108
Customer 109
Customer 110
Customer 111
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Customer 113
Customer 114
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Customer 122
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Customer 127
Customer 128
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Customer 131
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Meets
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Meets
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Meets

Meets
Doesn't Meet
Meets
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Meets
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Meets
Doesn't Meet
Meets

Meets

Meets

Not Applicable
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Meets
Doesn't Meet
Doesn't Meet
Meets
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Meets
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Doesn't Meet
Doesn't Meet
Doesn't Meet
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Meets
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Not Applicable
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Yes
No
Yes
Yes
Not Applicable
Not Applicable
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Not Applicable
Not Applicable
No
No
Not Applicable
Yes
Yes
No
No
Yes
No
Not Applicable
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No
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Customer 135
Customer 136
Customer 137
Customer 138
Customer 139
Customer 140
Customer 141
Customer 142
Customer 143
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Customer 145
Customer 146
Customer 147
Customer 148
Customer 149
Customer 150
Customer 151
Customer 152
Customer 153
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Customer 155
Customer 156
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Customer 159
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Customer 177
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Meets
Doesn't Meet
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Meets
Meets
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Doesn't Meet
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Doesn't Meet
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Not Applicable
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No
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No
Not Applicable
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Yes
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Customer 181
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Customer 189
Customer 190
Customer 191
Customer 192
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Customer 196
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Doesn't Meet
Meets

Meets

Meets

Meets

Meets

Doesn't Meet
Doesn't Meet
Not Applicable
Doesn't Meet
Doesn't Meet
Doesn't Meet
Meets

Doesn't Meet
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Meets

Doesn't Meet
Meets

Not Applicable
Not Applicable
Doesn't Meet
Not Applicable
Not Applicable
Meets

Doesn't Meet
Not Applicable

old
New
old
old
old
New
old
Old
old
old
old
old
New
old
old
old
old
New
New
old
New
old
old
old
New
New
old
New
New
old
old
old
old
New
old
New
New
old
old
old
New
New
old
old
New
old

Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
No
Yes
Yes
Yes
Yes
No
Yes
Yes
No
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
No
Yes
Yes
No
Yes
Yes
Yes
Yes

Pa

Exhibit  (SCSP-1)

e 122 of 136
Niagara Mohawk Power Corporation

d/b/a National Grid

Cases 24-E-0322 & 24-G-0323

DPS-1027 Attachment 1

Yes
No
No
Yes
Yes
No
Not Applicable
Not Applicable
Not Applicable
Yes
Not Applicable
Not Applicable
No
Not Applicable
No
No
No
Yes
No
No
No
No
No
Not Applicable
No
No
No
Yes
No
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Yes
No
Yes
Not Applicable
Not Applicable
No
Not Applicable
Not Applicable
Yes
No
Not Applicable

5o0f 17



Cases 24-E-0322,

Customer 227
Customer 228
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Not Applicable
Meets

Not Applicable
Doesn't Meet
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Meets

Doesn't Meet
Doesn't Meet
Doesn't Meet
Doesn't Meet
Meets

Doesn't Meet
Not Applicable
Doesn't Meet
Not Applicable
Doesn't Meet

old
old
old
old
old
old
New
Old
New
old
old
old
New
old
old
New
old
old
old
old
New
old
New
old
old
old
old
old
old
New
old
old
New
old
old
old
old
old
old
old
old
New
old
old
old
New

Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
No
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
No
Yes
Yes
Yes
Yes
Yes
No
Yes
Yes
No
No
No
No
Yes
Yes
Yes
Yes
Yes
Yes
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Yes
Yes
Yes
Not Applicable
Not Applicable
Not Applicable
Not Applicable
No
Not Applicable
Yes
Not Applicable
Yes
No
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Yes
No
Yes
Not Applicable
No
Not Applicable
Not Applicable
No
No
Not Applicable
No
Not Applicable
No
Not Applicable
Not Applicable
Not Applicable
Not Applicable
No
No
No
No
No
Yes
No
Not Applicable
No
Not Applicable
No
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Cases 24-E-0322,

Customer 319
Customer 320
Customer 321
Customer 322
Customer 323
Customer 324
Customer 325
Customer 326
Customer 327
Customer 328
Customer 329
Customer 330
Customer 331
Customer 332
Customer 333
Customer 334
Customer 335
Customer 336
Customer 337
Customer 338
Customer 339
Customer 340
Customer 341
Customer 342
Customer 343
Customer 344
Customer 345
Customer 346
Customer 347
Customer 348
Customer 349
Customer 350
Customer 351
Customer 352
Customer 353
Customer 354
Customer 355
Customer 356
Customer 357
Customer 358
Customer 359
Customer 360
Customer 361
Customer 362
Customer 363
Customer 364

Meets
Meets
Meets
Meets
Meets
Meets
Meets
Doesn't Meet
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Doesn't Meet
Doesn't Meet
Meets
Meets
Meets
Doesn't Meet
Meets
Meets
Meets
Meets
Meets
Meets

et al.

Doesn't Meet
Meets

Meets

Doesn't Meet
Meets

Not Applicable
Not Applicable
Meets

Meets

Not Applicable
Doesn't Meet
Doesn't Meet
Doesn't Meet
Not Applicable
Doesn't Meet
Not Applicable
Doesn't Meet
Meets

Not Applicable
Doesn't Meet
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Doesn't Meet
Meets

Doesn't Meet
Meets

Doesn't Meet
Doesn't Meet
Not Applicable
Not Applicable
Not Applicable
Doesn't Meet
Doesn't Meet
Doesn't Meet
Doesn't Meet
Not Applicable
Not Applicable
Doesn't Meet
Not Applicable
Meets

Meets

Doesn't Meet
Meets

Not Applicable

New
old
old
old
New
old
old
Old
old
New
New
old
old
old
old
old
old
old
old
old
old
old
old
old
New
old
New
old
old
old
New
New
New
old
old
old
New
old
old
old
old
old
New
New
old
old

Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
No
No
Yes
Yes
Yes
No
Yes
Yes
Yes
Yes
Yes
Yes
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No
Yes
Yes
No
Yes
Not Applicable
Not Applicable
No
Not Applicable
Not Applicable
No
No
No
Not Applicable
No
Not Applicable
No
Yes
Not Applicable
No
Not Applicable
Not Applicable
Not Applicable
Not Applicable
No
Yes
No
Yes
No
No
Not Applicable
Not Applicable
Not Applicable
No
No
No
No
Not Applicable
Not Applicable
No
Not Applicable
Yes
Yes
No
Yes
No
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Cases 24-E-0322,

Customer 365
Customer 366
Customer 367
Customer 368
Customer 369
Customer 370
Customer 371
Customer 372
Customer 373
Customer 374
Customer 375
Customer 376
Customer 377
Customer 378
Customer 379
Customer 380
Customer 381
Customer 382
Customer 383
Customer 384
Customer 385
Customer 386
Customer 387
Customer 388
Customer 389
Customer 390
Customer 391
Customer 392
Customer 393
Customer 394
Customer 395
Customer 396
Customer 397
Customer 398
Customer 399
Customer 400
Customer 401
Customer 402
Customer 403
Customer 404
Customer 405
Customer 406
Customer 407
Customer 408
Customer 409
Customer 410

Meets
Meets
Doesn't Meet
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Doesn't Meet
Meets
Doesn't Meet
Doesn't Meet
Meets
Meets
Doesn't Meet
Meets
Meets
Doesn't Meet
Meets
Doesn't Meet
Meets
Meets
Meets
Meets
Meets
Doesn't Meet
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets

et al.

Not Applicable
Doesn't Meet
Doesn't Meet
Not Applicable
Not Applicable
Not Applicable
Doesn't Meet
Not Applicable
Not Applicable
Meets

Not Applicable
Not Applicable
Not Applicable
Doesn't Meet
Not Applicable
Doesn't Meet
Doesn't Meet
Meets

Doesn't Meet
Doesn't Meet
Doesn't Meet
Not Applicable
Doesn't Meet
Meets

Doesn't Meet
Doesn't Meet
Not Applicable
Doesn't Meet
Meets

Doesn't Meet
Meets

Meets

Not Applicable
Doesn't Meet
Not Applicable
Not Applicable
Doesn't Meet
Doesn't Meet
Not Applicable
Not Applicable
Doesn't Meet
Meets

Not Applicable
Doesn't Meet
Doesn't Meet
Not Applicable

Old
New
Old
New
New
Old
Old
Old
Old
Old
Old
Old
New
Old
Old
Old
Old
New
Old
Old
Old
New
Old
Old
Old
New
Old
New
New
Old
Old
New
New
New
Old
New
New
New
New
Old
New
Old
Old
Old
New
New

Yes
Yes
No
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
No
Yes
No
No
Yes
Yes
No
Yes
Yes
No
Yes
No
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
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Not Applicable
No
No
Not Applicable
Not Applicable
Not Applicable
No
Not Applicable
Not Applicable
Yes
Not Applicable
Not Applicable
Not Applicable
No
Not Applicable
No
No
Yes
No
No
No
Not Applicable
No
Yes
No
No
Not Applicable
No
Yes
No
No
Yes
Not Applicable
No
Not Applicable
Not Applicable
No
No
Not Applicable
Not Applicable
No
Yes
Not Applicable
No
No
Not Applicable
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Cases 24-E-0322,

Customer 411
Customer 412
Customer 413
Customer 414
Customer 415
Customer 416
Customer 417
Customer 418
Customer 419
Customer 420
Customer 421
Customer 422
Customer 423
Customer 424
Customer 425
Customer 426
Customer 427
Customer 428
Customer 429
Customer 430
Customer 431
Customer 432
Customer 433
Customer 434
Customer 435
Customer 436
Customer 437
Customer 438
Customer 439
Customer 440
Customer 441
Customer 442
Customer 443
Customer 444
Customer 445
Customer 446
Customer 447
Customer 448
Customer 449
Customer 450
Customer 451
Customer 452
Customer 453
Customer 454
Customer 455
Customer 456

Meets
Meets
Meets
Doesn't Meet
Meets
Meets
Meets
Meets
Meets
Meets
Doesn't Meet
Meets
Meets
Meets
Meets
Meets
Meets
Doesn't Meet
Doesn't Meet
Meets
Doesn't Meet
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Doesn't Meet
Doesn't Meet
Meets
Meets
Meets
Meets
Meets
Meets
Doesn't Meet
Meets
Meets
Meets

et al.

Doesn't Meet
Doesn't Meet
Not Applicable
Doesn't Meet
Not Applicable
Not Applicable
Doesn't Meet
Meets

Meets

Meets

Meets

Meets

Not Applicable
Doesn't Meet
Meets

Meets

Not Applicable
Meets

Not Applicable
Meets

Doesn't Meet
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Meets

Meets

Not Applicable
Not Applicable
Doesn't Meet
Meets

Not Applicable
Not Applicable
Meets

Doesn't Meet
Meets

Meets

Not Applicable
Meets

Doesn't Meet
Doesn't Meet

New
Old
Old
Old
New
New
New
Old
Old
Old
New
Old
Old
New
Old
Old
Old
New
Old
Old
Old
Old
Old
Old
Old
Old
Old
Old
Old
Old
New
New
New
New
Old
New
Old
New
Old
Old
Old
Old
New
Old
Old
Old

Yes
Yes
Yes
No
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
No
Yes
No
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
No
Yes
Yes
Yes
Yes
Yes
Yes
Yes
No
Yes
Yes
Yes
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No
No
Not Applicable
No
No
Not Applicable
No
Yes
Yes
Yes
No
Yes
Not Applicable
No
Yes
Yes
Not Applicable
Not Applicable
Not Applicable
Yes
No
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Yes
Yes
Not Applicable
Not Applicable
No
No
Not Applicable
Not Applicable
Yes
No
Yes
Yes
Not Applicable
Yes
No
No
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Cases 24-E-0322,

Customer 457
Customer 458
Customer 459
Customer 460
Customer 461
Customer 462
Customer 463
Customer 464
Customer 465
Customer 466
Customer 467
Customer 468
Customer 469
Customer 470
Customer 471
Customer 472
Customer 473
Customer 474
Customer 475
Customer 476
Customer 477
Customer 478
Customer 479
Customer 480
Customer 481
Customer 482
Customer 483
Customer 484
Customer 485
Customer 486
Customer 487
Customer 488
Customer 489
Customer 490
Customer 491
Customer 492
Customer 493
Customer 494
Customer 495
Customer 496
Customer 497
Customer 498
Customer 499
Customer 500
Customer 501
Customer 502

Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Doesn't Meet
Meets
Meets
Meets
Doesn't Meet
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Doesn't Meet
Doesn't Meet
Meets
Meets
Doesn't Meet
Meets
Meets

et al.

Meets

Doesn't Meet
Doesn't Meet
Meets

Not Applicable
Not Applicable
Doesn't Meet
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Meets

Meets

Meets

Meets

Not Applicable
Not Applicable
Meets

Meets

Not Applicable
Doesn't Meet
Meets

Not Applicable
Meets

Meets

Meets

Not Applicable
Not Applicable
Meets

Not Applicable
Not Applicable
Meets

Doesn't Meet
Meets

Not Applicable
Meets

Not Applicable
Meets

Not Applicable
Meets

Meets

Not Applicable
Doesn't Meet
Not Applicable
Doesn't Meet

Old
New
New
New
Old
Old
New
Old
Old
Old
New
Old
New
Old
New
New
Old
Old
New
Old
New
New
Old
New
Old
New
Old
Old
Old
Old
Old
Old
New
New
Old
Old
Old
Old
Old
Old
New
Old
Old
Old
Old
Old

Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
No
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
No
Yes
Yes
Yes
No
Yes
Yes
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Yes
No
No
Yes
Not Applicable
Not Applicable
No
Not Applicable
Not Applicable
Not Applicable
No
Not Applicable
No
Yes
Yes
Yes
Not Applicable
Not Applicable
Yes
Yes
Not Applicable
No
Not Applicable
Not Applicable
Yes
Yes
Yes
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Not Applicable
Yes
No
Yes
Not Applicable
Yes
Not Applicable
Yes
Not Applicable
No
Yes
Not Applicable
No
Not Applicable
No
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12 of 17
Customer 503 Meets Not Applicable Old Yes Not Applicable
Customer 504 Meets Not Applicable Old Yes Not Applicable
Customer 505 Meets Doesn't Meet Old Yes No
Customer 506 Meets Not Applicable Old Yes No
Customer 507 Doesn't Meet Doesn't Meet old No No
Customer 508 Doesn't Meet Meets New Yes No
Customer 509 Meets Doesn't Meet Old Yes No
Customer 510 Meets Doesn't Meet Old Yes No
Customer 511 Doesn't Meet Doesn't Meet old No No
Customer 512 Meets Meets Old Yes Yes
Customer 513 Meets Meets New Yes Yes
Customer 514 Meets Not Applicable New Yes Not Applicable
Customer 515 Meets Meets Old Yes Yes
Customer 516 Meets Meets Old Yes Yes
Customer 517 Meets Meets Old Yes Yes
Customer 518 Doesn't Meet Not Applicable Old No Not Applicable
Customer 519 Meets Doesn't Meet New Yes No
Customer 520 Meets Meets Old Yes Yes
Customer 521 Meets Meets Old Yes Yes
Customer 522 Meets Meets Old Yes Yes
Customer 523 Meets Meets Old Yes Yes
Customer 524 Meets Meets Old Yes Yes
Customer 525 Meets Not Applicable New Yes Not Applicable
Customer 526 Meets Not Applicable Old Yes Not Applicable
Customer 527 Meets Meets Old Yes Yes
Customer 528 Meets Doesn't Meet Old Yes No
Customer 529 Doesn't Meet Doesn't Meet old No No
Customer 530 Meets Meets Old Yes Yes
Customer 531 Meets Not Applicable New Yes No
Customer 532 Meets Meets Old Yes Yes
Customer 533 Meets Meets Old Yes Yes
Customer 534 Doesn't Meet Doesn't Meet old No No
Customer 535 Meets Doesn't Meet New Yes No
Customer 536 Doesn't Meet Meets New Yes No
Customer 537 Meets Meets Old Yes Yes
Customer 538 Meets Meets Old Yes Yes
Customer 539 Meets Not Applicable Old Yes Not Applicable
Customer 540 Meets Not Applicable Old Yes Not Applicable
Customer 541 Meets Doesn't Meet Old Yes No
Customer 542 Meets Doesn't Meet New Yes No
Customer 543 Meets Not Applicable Old Yes Not Applicable
Customer 544 Meets Not Applicable New Yes Not Applicable
Customer 545 Meets Doesn't Meet Old Yes No
Customer 546 Meets Not Applicable Old Yes Not Applicable
Customer 547 Doesn't Meet Doesn't Meet old No No
Customer 548 Meets Not Applicable New Yes No
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Customer 549 Meets Meets Old Yes Yes
Customer 550 Meets Not Applicable Old Yes Not Applicable
Customer 551 Meets Meets Old Yes Yes
Customer 552 Meets Not Applicable Old Yes No
Customer 553 Meets Meets Old Yes Yes
Customer 554 Doesn't Meet Not Applicable Old No Not Applicable
Customer 555 Meets Meets Old Yes Yes
Customer 556 Meets Meets Old Yes Yes
Customer 557 Meets Doesn't Meet New Yes No
Customer 558 Meets Meets Old Yes Yes
Customer 559 Meets Doesn't Meet New Yes No
Customer 560 Meets Meets Old Yes Yes
Customer 561 Doesn't Meet Meets Old Yes No
Customer 562 Doesn't Meet Doesn't Meet old No No
Customer 563 Meets Not Applicable Old Yes Not Applicable
Customer 564 Meets Meets Old Yes Yes
Customer 565 Meets Meets Old Yes Yes
Customer 566 Meets Not Applicable Old Yes Not Applicable
Customer 567 Doesn't Meet Not Applicable Old No Not Applicable
Customer 568 Meets Meets Old Yes Yes
Customer 569 Meets Doesn't Meet New Yes No
Customer 570 Meets Doesn't Meet Old Yes No
Customer 571 Meets Meets Old Yes Yes
Customer 572 Meets Meets Old Yes Yes
Customer 573 Doesn't Meet Meets Old Yes No
Customer 574 Meets Not Applicable Old Yes Not Applicable
Customer 575 Meets Meets Old Yes Yes
Customer 576 Meets Not Applicable New Yes No
Customer 577 Meets Not Applicable New Yes Not Applicable
Customer 578 Meets Not Applicable Old Yes Not Applicable
Customer 579 Meets Not Applicable Old Yes Not Applicable
Customer 580 Meets Not Applicable Old Yes Not Applicable
Customer 581 Meets Not Applicable Old Yes Not Applicable
Customer 582 Meets Not Applicable Old Yes Not Applicable
Customer 583 Meets Meets Old Yes Yes
Customer 584 Meets Meets Old Yes Yes
Customer 585 Meets Meets Old Yes Yes
Customer 586 Doesn't Meet Doesn't Meet old No No
Customer 587 Doesn't Meet Meets Old Yes No
Customer 588 Meets Meets Old Yes Yes
Customer 589 Doesn't Meet Doesn't Meet old No No
Customer 590 Meets Doesn't Meet New Yes No
Customer 591 Meets Doesn't Meet New Yes No
Customer 592 Meets Meets Old Yes Yes
Customer 593 Meets Meets old Yes Not Applicable
Customer 594 Meets Not Applicable Old Yes Not Applicable



Cases 24-E-0322,

Customer 595
Customer 596
Customer 597
Customer 598
Customer 599
Customer 600
Customer 601
Customer 602
Customer 603
Customer 604
Customer 605
Customer 606
Customer 607
Customer 608
Customer 609
Customer 610
Customer 611
Customer 612
Customer 613
Customer 614
Customer 615
Customer 616
Customer 617
Customer 618
Customer 619
Customer 620
Customer 621
Customer 622
Customer 623
Customer 624
Customer 625
Customer 626
Customer 627
Customer 628
Customer 629
Customer 630
Customer 631
Customer 632
Customer 633
Customer 634
Customer 635
Customer 636
Customer 637
Customer 638
Customer 639
Customer 640

Meets
Meets
Doesn't Meet
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Doesn't Meet
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Doesn't Meet
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Doesn't Meet
Meets
Meets

et al.

Not Applicable
Not Applicable
Doesn't Meet
Doesn't Meet
Not Applicable
Doesn't Meet
Doesn't Meet
Meets

Meets

Meets

Meets

Not Applicable
Meets

Meets

Meets

Doesn't Meet
Not Applicable
Not Applicable
Doesn't Meet
Not Applicable
Doesn't Meet
Doesn't Meet
Meets

Meets

Not Applicable
Not Applicable
Doesn't Meet
Doesn't Meet
Meets

Meets

Not Applicable
Meets

Meets

Not Applicable
Meets

Meets

Meets

Meets

Meets

Not Applicable
Doesn't Meet
Doesn't Meet
Doesn't Meet
Doesn't Meet
Meets

Meets

New
old
old
old
old
old
New
New
old
old
old
old
old
old
old
old
old
old
New
old
New
New
New
old
old
old
old
old
New
old
old
old
old
old
old
old
old
old
old
old
New
New
old
old
old
old

Yes
Yes
No
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
No
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
No
Yes
Yes

Pa
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Not Applicable
Not Applicable
No
No
Not Applicable
No
No
Yes
Yes
Yes
Yes
Not Applicable
Yes
Yes
Yes
No
Not Applicable
Not Applicable
No
Not Applicable
No
No
Yes
Yes
Not Applicable
Not Applicable
No
No
No
Yes
Not Applicable
Yes
Yes
Not Applicable
Yes
Yes
Yes
Yes
Yes
Not Applicable
No
No
No
No
Yes
Yes
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Cases 24-E-0322,

Customer 641
Customer 642
Customer 643
Customer 644
Customer 645
Customer 646
Customer 647
Customer 648
Customer 649
Customer 650
Customer 651
Customer 652
Customer 653
Customer 654
Customer 655
Customer 656
Customer 657
Customer 658
Customer 659
Customer 660
Customer 661
Customer 662
Customer 663
Customer 664
Customer 665
Customer 666
Customer 667
Customer 668
Customer 669
Customer 670
Customer 671
Customer 672
Customer 673
Customer 674
Customer 675
Customer 676
Customer 677
Customer 678
Customer 679
Customer 680
Customer 681
Customer 682
Customer 683
Customer 684
Customer 685
Customer 686

Meets

Meets

Meets

Meets

Meets
Doesn't Meet
Doesn't Meet
Meets

Meets

Meets

Meets

Meets

Meets

Meets

Meets

Meets

Meets

Not Applicable
Meets

Meets

Meets

Meets

Meets

Meets

Meets

Meets

Meets

Meets
Doesn't Meet
Meets

Meets

Meets

Meets

Meets

Meets

Meets
Doesn't Meet
Doesn't Meet
Meets

Meets

Meets

Meets

Meets

Meets

Meets

Meets

et al.

Doesn't Meet
Not Applicable
Doesn't Meet
Doesn't Meet
Not Applicable
Doesn't Meet
Doesn't Meet
Doesn't Meet
Not Applicable
Not Applicable
Not Applicable
Meets

Meets

Meets

Meets

Doesn't Meet
Meets

Doesn't Meet
Doesn't Meet
Doesn't Meet
Not Applicable
Meets

Not Applicable
Meets

Meets

Not Applicable
Doesn't Meet
Doesn't Meet
Not Applicable
Doesn't Meet
Not Applicable
Not Applicable
Doesn't Meet
Not Applicable
Not Applicable
Meets

Not Applicable
Not Applicable
Meets

Doesn't Meet
Not Applicable
Meets

Meets

Doesn't Meet
Not Applicable
Meets

Old
Old
Old
Old
Old
Old
Old
New
Old
Old
Old
Old
New
Old
New
New
Old
Old
Old
Old
Old
Old
Old
Old
Old
Old
New
Old
Old
New
Old
Old
Old
Old
Old
New
Old
Old
Old
New
Old
New
New
Old
Old
Old

Yes
Yes
Yes
Yes
Yes
No
No
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
No
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
No
Yes
Yes
Yes
Yes
Yes
Yes
Yes
No
No
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
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No
Not Applicable
No
No
Not Applicable
No
No
No
Not Applicable
Not Applicable
Not Applicable
Yes
Yes
Yes
Yes
No
Yes
Not Applicable
No
No
Not Applicable
Yes
Not Applicable
Yes
Yes
Not Applicable
No
No
Not Applicable
No
Not Applicable
Not Applicable
No
Not Applicable
Not Applicable
Yes
Not Applicable
Not Applicable
Yes
No
Not Applicable
Yes
Yes
No
Not Applicable
Yes
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Cases 24-E-0322,

Customer 687
Customer 688
Customer 689
Customer 690
Customer 691
Customer 692
Customer 693
Customer 694
Customer 695
Customer 696
Customer 697
Customer 698
Customer 699
Customer 700
Customer 701
Customer 702
Customer 703
Customer 704
Customer 705
Customer 706
Customer 707
Customer 708
Customer 709
Customer 710
Customer 711
Customer 712
Customer 713
Customer 714
Customer 715
Customer 716
Customer 717
Customer 718
Customer 719
Customer 720
Customer 721
Customer 722
Customer 723
Customer 724
Customer 725
Customer 726
Customer 727
Customer 728
Customer 729
Customer 730
Customer 731
Customer 732

Meets
Meets
Meets
Meets
Meets
Meets
Doesn't Meet
Meets
Doesn't Meet
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Doesn't Meet
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Doesn't Meet
Doesn't Meet
Doesn't Meet
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets
Meets

et al.

Doesn't Meet
Meets

Meets

Not Applicable
Meets

Meets

Not Applicable
Doesn't Meet
Not Applicable
Meets

Not Applicable
Doesn't Meet
Meets

Not Applicable
Not Applicable
Not Applicable
Meets

Not Applicable
Meets

Not Applicable
Not Applicable
Meets

Meets

Meets

Doesn't Meet
Meets

Doesn't Meet
Not Applicable
Meets

Not Applicable
Not Applicable
Not Applicable
Doesn't Meet
Doesn't Meet
Meets

Meets

Meets

Doesn't Meet
Not Applicable
Meets

Not Applicable
Meets

Not Applicable
Not Applicable
Not Applicable
Not Applicable

New
Old
New
Old
Old
Old
Old
New
Old
New
Old
New
New
Old
New
Old
Old
Old
New
Old
Old
Old
Old
Old
Old
Old
New
Old
New
New
Old
New
Old
Old
New
Old
New
New
New
Old
New
Old
Old
Old
Old
Old

Yes
Yes
Yes
Yes
Yes
Yes
No
Yes
No
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
No
No
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
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No
Yes
Yes
Not Applicable
Yes
Yes
Not Applicable
No
Not Applicable
Yes
Not Applicable
No
Yes
Not Applicable
Not Applicable
Not Applicable
Yes
Not Applicable
No
Not Applicable
Not Applicable
Yes
Yes
Yes
No
Yes
No
Not Applicable
Yes
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Date of Request: September 13, 2024 Request No. DPS-1028
Due Date: September 23, 2024 NG Request No. NG-1556

Niagara Mohawk Power Corporation d/b/a National Grid
Case No. 24-E-0322 & 24-G-0323
Data Request

Request for Information

FROM: PSC - Chelsea Laquittara

O: National Grid

—

SUBJECT: Strategic Account Managers

Request:

In all interrogatories, any requests for workpapers or supporting calculations shall be construed
as requesting any Word, Excel, or other computer spreadsheet models in original electronic
format with all formulae intact and unlocked.

1. In its response to DPS-855, the Company states that "The expanded target list of 805
managed accounts includes additional enterprises that met or exceeded either 750 kW in
yearly average demand or 25,000 Dth in annual gas consumption.” For each of the
following, provide the number of accounts on the "expanded list," separately for electric
and gas:

a. New accounts meeting this criteria;
b. Existing accounts that temporarily increased its load to meet the criteria; and

c. Existing accounts that have consistently met or exceeded either 750 kW in yearly
average demand or 25,000 Dth in annual gas consumption.

d. Include in your response how many customers in Question 1.a., 1.b., and 1.c., above,
meet both 750 kW in yearly average demand and 25,000 Dth in annual gas
consumption.

2. Indicate how long (e.g., how many days, months, or years) the customer's load must meet
or exceed either 750 KW in yearly average demand or 25,000 Dth in annual gas
consumption to be considered a "Managed Account” customer.

Response:

1. The number of accounts on the “expanded list” include the following:

a. New accounts meeting the specified criteria:

Form 103



Cases 24-E-0322, et al. Exhibit (SCSP-1)
Page 136 of 136

e 178 new accounts meet the electric threshold of 750 kW yearly average demand.

e 66 new accounts meet the gas threshold of 25,000 Dth annual consumption.

b. No accounts temporarily increased their load for the purpose of meeting either load
threshold.
C. Existing accounts that have consistently met or exceeded either 750 kW in yearly

average demand or 25,000 Dth in annual gas consumption:

e 429 existing accounts meet the electric threshold of 750 kW yearly average
demand.

e 172 existing accounts meet the gas threshold of 25,000 Dth annual consumption.

d. The number of customers in Question 1.a. and 1.c., above, that meet both 750 kW in
yearly average demand and 25,000 Dth in annual gas consumption are as follows:

e 42 new accounts meet both thresholds.
e 150 existing accounts meet both thresholds.

Please note that the counts in 1d. above only include customers in territories where
National Grid is the distribution company for both electricity and gas.

The Company has not established an official guideline for periodic review of its managed
account list. An annual review of the load thresholds and other factors, such as emerging
strategic/specialized needs, may make sense to consider any proposed additions to the
managed account list or modifying the management of certain accounts.

Name of Respondent: Date of Reply:
Matthew Foran September 23, 2024

Form 103
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Proposed

Targets and NRAs

Estimated Bills
Target NRA in Basis Points
<1.5% 0
>1.5% 3
>1.7% 6
>2.0% 12
PSC Complaint Rate
Target NRA in Basis Points
<1.0 0
>1.0 3
>1.2 6
>1.4 12
Residential Customer Satisfaction Survey
Target NRA in Basis Points
>82.0% 0
<82.0% 3
<81.0% 6
<79.9% 12

Small/Medium Commercial and Industrial

Customer Satisfaction Survey

Target NRA in Basis Points
>82.0% 0

<82.0% 3

<81.0% 6

<79.9% 12

Call Answer Rate

Target NRA in Basis Points
>79.2% 0
<79.2% 3
<77.0% 6

<74.9% 12
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NIST Special Publication 1270

Towards a Standard for Identifying and
Managing Bias in Artificial Intelligence

Reva Schwartz
Apostol Vassilev
Kristen Greene
Lori Perine
Andrew Burt
Patrick Hall

This publication is available free of charge from:
https://doi.org/10.6028/NIST.SP.1270

NIST

National Institute of
Standards and Technology
U.S. Department of Commerce
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Certain commercial entities, equipment, or materials may be identified in this document in order to describe
an experimental procedure or concept adequately. Such identification is not intended to imply
recommendation or endorsement by the National Institute of Standards and Technology, nor is it intended to
imply that the entities, materials, or equipment are necessarily the best available for the purpose.

National Institute of Standards and Technology Special Publication 1270
Natl. Inst. Stand. Technol. Spec. Publ. 1270, 86 pages (March 2022)
CODEN: NSPUE2

This publication is available free of charge from:
https://doi.org/10.6028/NIST.SP.1270
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Executive Summary

As individuals and communities interact in and with an environment that is increasingly
virtual, they are often vulnerable to the commodification of their digital footprint. Concepts
and behavior that are ambiguous in nature are captured in this environment, quantified,
and used to categorize, sort, recommend, or make decisions about people’s lives. While
many organizations seek to utilize this information in a responsible manner, biases remain
endemic across technology processes and can lead to harmful impacts regardless of intent.
These harmful outcomes, even if inadvertent, create significant challenges for cultivating
public trust in artificial intelligence (Al).

While there are many approaches for ensuring the technology we use every day is
safe and secure, there are factors specific to Al that require new perspectives. Al sys-
tems are often placed in contexts where they can have the most impact. Whether that
impact is helpful or harmful is a fundamental question in the area of Trustworthy and
Responsible Al. Harmful impacts stemming from Al are not just at the individual or en-
terprise level, but are able to ripple into the broader society. The scale of damage, and
the speed at which it can be perpetrated by Al applications or through the extension of
large machine learning MODELSs across domains and industries requires concerted effort.
Current attempts for addressing the
harmful effects of Al bias remain focused
on computational factors such as rep-
resentativeness of datasets and fairness
of machine learning algorithms. These
remedies are vital for mitigating bias,
and more work remains. Yet, as illus-
trated in Fig. 1, human and systemic in-
stitutional and societal factors are sig-

A

smﬁn?\
computational biases

buman blases T nificant sources of Al bias as well, and
. o are currently overlooked. Successfully
syitenfle Bhsetnl meeting this challenge will require tak-

ing all forms of bias into account. This
means expanding our perspective beyond
the machine learning pipeline to recog-
nize and investigate how this technology
is both created within and impacts our so-
ciety.

Trustworthy and Responsible Al is not just about whether a given Al system is biased,
fair or ethical, but whether it does what is claimed. Many practices exist for responsibly
producing Al. The importance of transparency, datasets, and test, evaluation, validation,
and verification (TEVV) cannot be overstated. Human factors such as participatory design
techniques and multi-stakeholder approaches, and a human-in-the-loop are also important
for mitigating risks related to Al bias. However none of these practices individually or in

Fig. 1. The challenge of managing Al bias
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concert are a panacea against bias and each brings its own set of pitfalls. What is miss-
ing from current remedies is guidance from a broader SOCIO-TECHNICAL perspective that
connects these practices to societal values. Experts in the area of Trustworthy and Respon-
sible Al counsel that to successfully manage the risks of Al bias we must operationalize
these values and create new norms around how Al is built and deployed. This document,
and work by the National Institute of Standards and Technology (NIST) in the area of Al
bias, is based on a socio-technical perspective.

The intent of this document is to surface the salient issues in the challenging area of
Al bias, and to provide a first step on the roadmap for developing detailed socio-technical
guidance for identifying and managing Al bias. Specifically, this special publication:

* describes the stakes and challenge of bias in artificial intelligence and provides ex-
amples of how and why it can chip away at public trust;

* identifies three categories of bias in Al — systemic, statistical, and human — and
describes how and where they contribute to harms;

* describes three broad challenges for mitigating bias — datasets, testing and eval-
uation, and human factors — and introduces preliminary guidance for addressing
them.

Bias is neither new nor unique to Al and it is not possible to achieve zero risk of bias in an
Al system. NIST intends to develop methods for increasing assurance, GOVERNANCE and
practice improvements for identifying, understanding, measuring, managing, and reducing
bias. To reach this goal, techniques are needed that are flexible, can be applied across con-
texts regardless of industry, and are easily communicated to different stakeholder groups.
To contribute to the growth of this burgeoning topic area, NIST will continue its work in
measuring and evaluating computational biases, and seeks to create a hub for evaluating
socio-technical factors. This will include development of formal guidance and standards,
supporting standards development activities such as workshops and public comment pe-
riods for draft documents, and ongoing discussion of these topics with the stakeholder
community.

Key words

bias, trustworthiness, Al safety, Al lifecycle, Al development
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Audience

The intended primary audience for this document includes individuals and groups who are
responsible for designing, developing, deploying, evaluating, and governing Al systems.
The document is informed and motivated by segments of the public who experience poten-
tial harm or inequities due to bias in Al systems, or are affected by biases that are newly
introduced or amplified by Al systems.

Background

This document is a result of an extensive literature review, conversations with experts from
the areas of Al bias, fairness, and socio-technical systems, a workshop on Al bias,! and
public comments on the draft version.”> Insights derived from the public comments have
been integrated throughout this document. An overview and analysis of themes from the
public comments will be posted.? Intermediate follow-on work to this publication will
include development of formal guidance for assessing and managing the risks of Al bias,
and a series of public workshops to discuss these topics with the stakeholder community
and build consensus.

Trademark Information
All trademarks and registered trademarks belong to their respective organizations.

NIST Special Publications

The National Institute of Standards and Technology (NIST) promotes U.S. innovation and
industrial competitiveness by advancing measurement science, standards, and technology
in ways that enhance economic security and improve our quality of life. Among its broad
range of activities, NIST contributes to the research, standards, evaluations, and data re-

quired to advance the development, use, and assurance of trustworthy artificial intelligence
(AD).

'For more information about this workshop see https://www.nist.gov/news-events/events/2020/08/bias-ai-
workshop.

ZPublic comments are available at https://www.nist.gov/artificial-intelligence/comments-received-proposal-
identifying-and-managing-bias-artificial.

3Updated information for all of these resources can be found on the NIST AI Bias webpage, located at
https://www.nist.gov/artificial-intelligence/ai-fundamental-research-free-bias.
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The Information Technology Laboratory (ITL) at NIST develops tests, test methods,
reference data, proof of concept implementations, and technical analyses to advance the de-
velopment and productive use of information technology. ITL’s responsibilities include the
development of management, administrative, technical, and physical standards and guide-
lines.

This special publication focuses on addressing and managing risks associated with bias
in the design, development, and use of Al It is one of a series of documents and workshops
related to the NIST AI Risk Management Framework (Al RMF) and is intended to advance
the trustworthiness of Al technologies. As with other documents in the AT RMF series,
this publication provides reference information and technical guidance on terminology,
processes and procedures, and test and evaluation, validation, and verification (TEVYV).
While practical guidance* published by NIST may serve as an informative reference, this
guidance remains voluntary.

The content of this document reflects recommended practices. This document is not
intended to serve as or supersede existing regulations, laws, or other mandatory guidance.

4The term ’practice guide,” ’guide,” *guidance’ or the like, in the context of this paper, is a consensus-created,
informative reference intended for voluntary use; it should not be interpreted as equal to the use of the term
’guidance’ in a legal or regulatory context.” This document does not establish any legal standard or any other
legal requirement or defense under any law, nor have the force or effect of law.
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How to read this document

Section 1 lays out the purpose and scope of NIST’s work in Al bias. Section 2 describes
three categories of bias and how they may occur in the commission, design, development,
and deployment of Al technologies that can be used to generate predictions, recommenda-
tions, or decisions (such as the use of algorithmic decision systems), and how Al systems
may impact individuals and communities or create broader societal harms. Section 3 de-
scribes the challenge of bias related to three core areas: datasets; test, evaluation, validation
and verification; and human factors, and provides general guidance for managing Al bias
in each of those areas.

This document uses terms such as Al technology, Al system, and Al applications inter-
changeably. Terms related to the machine learning pipeline, such as Al model or algorithm
are also used in this document interchangeably. Depending on context, when the term
“system” 1s used it may refer to the broader organizational and/or social ecosystem within
which the technology was designed, developed, deployed, and used, instead of the more
traditional use related to computational hardware or software.

Important reading notes:

* The document includes a series of vignettes, shown in red callout boxes, to help
exemplify how and why Al bias can reduce public trust. Interesting nuances/aspects
are highlighted in blue callout boxes, important takeaways are shown as framed text.

* Terms that are displayed as small caps in the text are defined in the GLOSSARY.
Clicking on a word shown in small caps, e.g. MODEL, takes the reader directly to the
definition of that term in the Glossary. From there, one may click on a page number
shown at the end of the definition to return.

* March 24, 2022 update: the following changes are introduced with respect to the
original version of this document published on March 15, 2022:
— Fixed typos in the text of Fig. 5 and Fig. 7.
— Removed duplicates and fixed poorly formatted entries in the References.

— Corrected a statement in the text of VIGNETTE on p.7 regarding the work cited
in [36].
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1. Purpose and Scope

In August 2019, fulfilling an assignment in an Executive Order on AI,> NIST released “A
Plan for Federal Engagement in Developing Technical Standards and Related Tools™ [1].
Based on broad public and private sector input, this plan recommended a deeper, more
consistent, and long-term engagement in Al standards “to help the United States to speed
the pace of reliable, robust, and trustworthy Al technology development.” NIST research
in Al continues along this path to focus on how to measure, evaluate, and enhance the
trustworthiness of Al systems and the responsible practices for designing, developing, and
deploying such systems. Working with the AI community, NIST has identified the follow-
ing technical and socio-technical characteristics needed to cultivate trust in Al systems:
accuracy, explainability and interpretability, privacy, reliability, robustness, safety, and se-
curity resilience—and that harmful biases are mitigated or controlled.

While AI has significant potential as a transformative technology, it also poses inher-
ent risks. Since trust and risk are closely related, NIST’s work in the area of trustworthy
and responsible Al centers around development of a voluntary Risk Management Frame-
work (RMF). The unique challenges of Al require a deeper understanding of how Al risks
differ from other domains. The NIST AI RMF is intended to address risks in the de-
sign, development, use, and evaluation of Al products, services, and systems for such tasks
as recommendation, diagnosis, pattern recognition, and automated planning and decision-
making. The framework is intended to enable the development and use of Al in ways that
will increase trustworthiness, advance usefulness, and address potential harms. NIST is
leveraging a multi-stakeholder approach to creating and maintaining actionable practice
guides via the RMF that is broadly adoptable.

Al risk management

Al risk management seeks to minimize anticipated and emergent negative impacts of Al
systems, including threats to civil liberties and rights. One of those risks is bias. Bias exists
in many forms, is omnipresent in society, and can become ingrained in the automated
systems that help make decisions about our lives. While bias is not always a negative
phenomenon, certain biases exhibited in Al models and systems can perpetuate and amplify
negative impacts on individuals, organizations, and society. These biases can also indirectly
reduce public trust in Al. There is no shortage of examples where bias in some aspect of
Al technology and its use has caused harm and negatively impacted lives, such as in hiring,
[2—7] health care, [8—17] and criminal justice [18-30]. Indeed, there are many instances
in which the deployment of Al technologies have been accompanied by concerns about
whether and how societal biases are being perpetuated or amplified [31-46].

Public perspectives
Depending on the application, most Americans are likely to be unaware of when they are

SExec. Order No. 13,859, 84 Fed. Reg. 3,967 (Feb. 11, 2019), https://www.federalregister.gov/documents/
2019/02/14/2019-02544/maitaining-american-leadership-in-artificial-intelligence.
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interacting with Al enabled technology [47]. However, there is a general view that there
needs to be a “higher ethical standard” for Al than for other forms of technology [48]. This
mainly stems from the perceptions and fears about loss of control and privacy [46, 49-51].

Bias is tightly associated with the concepts of transparency and fairness in society. For
much of the public, the assumptions underlying algorithms are rarely transparent. The com-
plex web of code and decisions that went into the design, development, and deployment of
Al rarely is easily accessible or understandable to non-technical audiences. Nevertheless,
many people are affected by—or their data is used as inputs for—AlI technologies and sys-
tems without their consent, such as when they apply to college, [52] for a new apartment,
[53] or search the internet. When individuals feel that they are not being fairly judged
when applying for jobs [2-5, 7, 54-56] or loans [57-59] it can reduce public trust in Al
technology [60, 61].

When an end user is presented with information online that stigmatizes them based
on their race, age, or gender, or doesn’t accurately perceive their identity, it causes harm
[34, 36, 37, 41]. Consumers can be impacted by price gouging practices resulting from an
Al application, even when it is not used to make decisions directly affecting that individual
[43].
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2. Al Bias: Context and Terminology

For purposes of this publication, the term Artificial Intelligence (Al) refers to a large class
of software-based systems that receive signals from the environment and take actions that
affect that environment by generating outputs such as content, predictions, recommenda-
tions, classifications, or decisions influencing the environments they interact with, among
other outputs [62]. Machine learning (ML) refers more specifically to the “field of study
that gives computers the ability to learn without being explicitly programmed,” [63] or to
computer programs that utilize data to learn and apply patterns or discern statistical rela-
tionships. Common ML approaches include, but are not limited to, regression, random
forests, support vector machines, and artificial neural networks. ML programs may or may
not be used to make predictions of future events. ML programs also may be used to create
input for additional ML programs. Al includes ML within its scope.

While Al holds great promise, the convenience of automated classification and discov-
ery within large datasets can come with significant downsides to individuals and society
through the amplification of existing biases. Bias can be introduced purposefully or inad-
vertently into an Al system, or it can emerge as the Al is used in an application. Some
types of Al bias are purposeful and beneficial. For example, the ML systems that underlie
Al applications often model our implicit biases with the intent of creating positive expe-
riences for online shopping or identifying content of interest [64, 65]. The proliferation
of recommender systems and other modeling and predictive approaches has also helped to
expose the many negative social biases baked into these processes, which can reduce public
trust [66—69].

Al is neither built nor deployed in a vacuum, sealed off from societal realities of dis-
crimination or unfair practices. Understanding Al as a socio-technical system acknowl-
edges that the processes used to develop technology are more than their mathematical and
computational constructs. A socio-technical approach to Al takes into account the val-
ues and behavior modeled from the datasets, the humans who interact with them, and the
complex organizational factors that go into their commission, design, development, and
ultimate deployment.

2.1 Characterizing Al bias
2.1.1 Contexts for addressing Al bias

Statistical context

In technical systems, bias is most commonly understood and treated as a statistical phe-
nomenon. Bias is an effect that deprives a statistical result of representativeness by system-
atically distorting it, as distinct from a random error, which may distort on any one occasion
but balances out on the average [70]. The International Organization for Standardization
(ISO) defines bias more generally as: “the degree to which a reference value deviates from
the truth”[71]. In this context, an Al system is said to be biased when it exhibits system-
atically inaccurate behavior. This statistical perspective does not sufficiently encompass or
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communicate the full spectrum of risks posed by bias in Al systems.

Legal context

This section was developed in response to public comments. Stakeholder feedback noted
that the discussion of bias in Al could not be divorced from the treatment of bias in the
U.S. legal system and how it relates to laws and regulations addressing discrimination and
fairness, especially in the areas of consumer finance, housing, and employment.®” There
currently is no uniformly applied approach among the regulators and courts to measuring
impermissible bias in all such areas. Impermissible discriminatory bias generally is defined
by the courts as either consisting of disparate treatment, broadly defined as a decision that
treats an individual less favorably than similarly situated individuals because of a protected
characteristic such as race, sex, or other trait, or as disparate impact, which is broadly
defined as a facially neutral policy or practice that disproportionately harms a group based
on a protected trait.?

This section is presented not as legal guidance, rather as a
reminder for developers, deployers, and users of Al that they
must be cognizant of legal considerations in their work, par-
ticularly with regard to bias testing. This section provides
basic background understanding of some of the many ways
bias is treated in some federal laws.

As it relates to disparate impact, courts and regulators have utilized or considered as
acceptable various statistical tests to evaluate evidence of disparate impact. Traditional
methods of statistical bias testing look at differences in predictions across protected classes,
such as race or sex. In particular, courts have looked to statistical significance testing to
assess whether the challenged practice likely caused the disparity and was not the result of
chance or a nondiscriminatory factor.”

6Many laws, at the federal, state and even municipal levels focus on preventing discrimination in a host of
areas. See e.g. Title VII of the Civil Rights Act, regarding discrimination on the basis of sex, religion,
race, color, or national origin in employment, the Equal Credit Opportunity Act, focused, broadly, on dis-
crimination in finance, the Fair Housing Act, focused on discrimination in housing, and the Americans with
Disabilities Act, focused on discrimination related to disabilities, among others. Other federal agencies,
including the U.S. Equal Employment Opportunity Commission, the Federal Trade Commission, the U.S.
Department of Justice, and the Office Federal Contract Compliance Programs are responsible for enforce-
ment and interpretation of these laws.

"Note that the analysis in this section is not intended to serve as a fully comprehensive discussion of the law,
how it has been interpreted by the courts, or how it is enforced by regulatory agencies, but rather to provide
an initial high-level overview.

8See 42 U.S.C. 2000e-2(a) (2018) and 42 U.S.C. 2000e-2(k) (2018), respectively.

9The Uniform Guidelines on Employment Selection Procedures (UGESP) state “[a] selection rate for any
race, sex, or ethnic group which is less than four-fifths ( 4/5ths) (or eighty percent) of the rate for the group
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It is important to note, however, that the tests used to measure bias are not applied
uniformly within the legal context. In particular, federal circuit courts are split on whether
to require a plaintiff to demonstrate both statistical and practical significance to make out
a case of disparate impact. Some decisions have expressly rejected practical significance
tests in recent years while others have continued to endorse their utility. This split illustrates
that while the legal context provides several examples of how bias and fairness has been
quantified and adjudicated over the last several decades, the relevant standards are still
evolving.

It is also important to note that critical differences exist between traditional disparate
impact analyses described above and illegal discrimination as it relates to people with dis-
abilities, particularly under the Americans with Disabilities Act (ADA). Claims under the
ADA are frequently construed as “screen out” rather than as “disparate impact” claims.
”Screen out” may occur when an individual with a disability performs poorly on an evalua-
tion or assessment, or is otherwise unable to meet an employer’s job requirements, because
of a disability and the individual loses a job opportunity as a result. In addition, the ADA’s
prohibition against denial of reasonable accommodation, for example, may require an em-
ployer to change processes or procedures to enable a particular individual with a disability
to apply for a job, perform a job, or enjoy the benefits and privileges of employment. Such
disability-related protections are particularly important to Al systems because testing an
algorithm for bias by determining whether such groups perform equally well may fail to
detect certain kinds of bias. Likewise, eliminating group discrepancies will not necessarily
prevent screen out or the need for reasonable accommodation in such systems.

Cognitive and societal context

The teams involved in Al system design and development bring their cognitive biases, both
individual and group, into the process [72]. Bias is prevalent in the assumptions about
which data should be used, what Al models should be developed, where the Al system
should be placed — or if Al is required at all. There are systemic biases at the institu-
tional level that affect how organizations and teams are structured and who controls the
decision making processes, and individual and group heuristics and cognitive/perceptual
biases throughout the Al lifecycle (as described in Section 2.4). Decisions made by end
users, downstream decision makers, and policy makers are also impacted by these biases,
can reflect limited points of view and lead to biased outcomes [73-78]. Biases impacting
human decision making are usually implicit and unconscious, and therefore unable to be
easily controlled or mitigated [79]. Any assumption that biases can be remedied by human
control or awareness is not a recipe for success.

with the highest rate will generally be regarded by the Federal enforcement agencies as evidence of adverse
impact.” 29 C.ER. § 1607.4(D)
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2.1.2 Categories of Al bias

Based on previous academic work to classify Al bias [80-90] and discussions with thought
leaders in the field, it is possible to identify three dominant categories of Al bias. This three-
way categorization helps to expand our understanding of Al bias beyond the computational
realm. By defining and describing how systemic and human biases present within Al,
we can build new approaches for analyzing, managing, and mitigating bias and begin to
understand how these biases interact with each other. Correspondingly, Fig. 2 presents three
categories of Al bias. Definitions for these terms are found in the GLOSSARY.!? This list
of biases, while not exhaustive, constitutes prominent risks and vulnerabilities to consider
when designing, developing, deploying, evaluating, using, or auditing Al applications.

Systemic

Systemic biases result from procedures and practices of particular institutions that operate
in ways which result in certain social groups being advantaged or favored and others be-
ing disadvantaged or devalued. This need not be the result of any conscious prejudice or
discrimination but rather of the majority following existing rules or norms. Institutional
racism and sexism are the most common examples [91]. Other systemic bias occurs when
infrastructures for daily living are not developed using universal design principles, thus
limiting or hindering accessibility for persons with disabilities. Systemic bias is also re-
ferred to as institutional or historical bias. These biases are present in the datasets used
in Al, and the institutional norms, practices, and processes across the Al lifecycle and in
broader culture and society. See VIGNETTE for more examples.

Definitions for each category of bias were often selected based on either recently published papers on the
topic, or seminal work within the domain the term is most associated with. When multiple definitions were
identified, the most relevant definition was selected or adapted. The references provided are not intended
to indicate specific endorsement or to assign originator credit.
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Systemic bias in gender identification

Beyond personal identity, human faces encode a number of conspicuous traits
such as nonverbal expression, indicators of sexual attraction and selection, and
emotion. Facial recognition technology (FRT) is used in many types of appli-
cations including gender identification, which compares morphological distances
between faces to classify human faces by gender. The degree of sexual dimor-
phism between men and women appears to vary with age and ethnic group. As a
consequence, accuracy of FRT gender identification can vary with respect to the
age and ethnic group [92]. Prepubescent male faces are frequently misclassified as
female, and older female faces are progressively misclassified as male [92]. Stud-
ies have highlighted that human preferences for sexually dimorphic faces may be
evolutionarily novel [93, 94]. One study found differing levels of facial sexual di-
morphism in samples taken from countries located in Europe, South America, and
Africa [95]. Buolamwini and Gebru examined the suitability of using skin types
as a proxy for demographic classifications of ethnicity or race and found that skin
type is not an adequate proxy for such classifications. Multiple ethnicities can be
represented by a given skin type, and skin type can vary widely within a racial or
ethnic category. For example, the skin types of individuals identifying as Black
in the U.S. can represent many hues, which also can be represented in ethnic His-
panic, Asian, Pacific Islander and American indigenous groups. Moreover, racial
and ethnic categories tend to vary across geographies and over time [36]. While
training data based on a limited or non-representative sample of a group results
in lower accuracy in categorizing members of that group, the degree of sexual
monomorphism or dimorphism within that group also affects accuracy. Additional
biases can occur due to a lack of awareness about the multiplicity of gender [96].
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Fig. 2. Categories of Al Bias. The leaf node terms in each subcategory in the picture are
hyperlinked to the GLOSSARY. Clicking them will bring up the definition in the Glossary. To
return, click on the current page number (8) printed right after the glossary definition.
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Statistical and Computational

Statistical and computational biases stem from errors that result when the sample is not
representative of the population. These biases arise from systematic as opposed to random
error and can occur in the absence of prejudice, partiality, or discriminatory intent [97]. In
Al systems, these biases are present in the datasets and algorithmic processes used in the
development of Al applications, and often arise when algorithms are trained on one type
of data and cannot extrapolate beyond those data. The error may be due to heterogeneous
data, representation of complex data in simpler mathematical representations, wrong data,
and algorithmic biases such as over- and under-fitting, the treatment of outliers, and data
cleaning and imputation factors.

Human

Human biases reflect systematic errors in human thought based on a limited number of
heuristic principles and predicting values to simpler judgmental operations [98]. These
biases are often implicit and tend to relate to how an individual or group perceives infor-
mation (such as automated Al output) to make a decision or fill in missing or unknown
information. These biases are omnipresent in the institutional, group, and individual de-
cision making processes across the Al lifecycle, and in the use of Al applications once
deployed. There is a wide variety of human biases. Cognitive and perceptual biases show
themselves in all domains and are not unique to human interactions with Al. Rather, they
are a fundamental part of the human mind. There is an entire field of study centered around
biases and heuristics in thinking, decision-making, and behavioral economics for example
[98]. Such research investigates phenomena such as ANCHORING BIAS, availability heuris-
tic or bias, CONFIRMATION BIAS, and framing effects, among many others. It should be
noted that heuristics are adaptive mental shortcuts that can be helpful, allowing complexity
reduction in tasks of judgement and choice, yet can also lead to cognitive biases [98]. Hu-
man heuristics and biases are implicit; as such, simply increasing awareness of bias does
not ensure control over it. Here we focus on broader examples of human bias in the Al
space.

2.2 How Al bias contributes to harms

Technology based on Al has tighter connections to and broader impacts on society than
traditional software. Applications that utilize Al are often deployed across sectors and
contexts for decision-support and decision-making. In this role, they can replace humans
and human processes for high-impact decisions. For example, Al-based hiring technolo-
gies and the models that underlie them replace people-oriented hiring processes and are
implemented in any sector that seeks to automate their recruiting and employment pipeline
[99-101]. Yet, ML models tend to exhibit “unexpectedly poor behavior when deployed
in real world domains” without domain-specific constraints supplied by human operators
[102]. These contradictions are a cause for considerable concern with large language mod-
els (or so-called foundation models) due to their considerable EPISTEMIC and ALEATORIC
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uncertainty[103] (as described in Section 3.2.1)—among other factors. Methods for cap-
turing the poor performance, harmful impacts and other results of these models currently
are imprecise and non-comprehensive.

Values

While ML systems are able to model complex phenomena, whether they are capable of
learning and operating in line with our societal values remains an area of considerable re-
search and concern [55, 60, 104—109]. Systemic and implicit biases such as racism and
other forms of discrimination can inadvertently manifest in Al through the data used in
training, as well as through the institutional policies and practices underlying how Al is
commissioned, developed, deployed, and used. Statistical/algorithmic and human cogni-
tive and perceptual biases enter the engineering and modeling processes themselves, and
an inability to properly validate model performance leaves these biases exposed during de-
ployment [61, 102, 110, 111]. These biases collide with the cognitive biases of the individ-
uals interacting with the Al systems as users, experts in the loop, or other decision makers.
Teams that develop and deploy Al often have inaccurate expectations of how the technol-
ogy will be used and what human oversight can accomplish, especially when deployed
outside of its original intent [112, 113]. Left unaddressed, these biases and accompanying
contextual factors can combine into a complex and pernicious mixture. These biases can
negatively impact individuals and society by amplifying and reinforcing discrimination at
a speed and scale far beyond the traditional discriminatory practices that can result from
implicit human or institutional biases such as racism, sexism, ageism or ableism.

2.3 A Socio-technical Systems Approach

Likely due to expectations based on techno-solutionism and a lack of mature Al process
governance, organizations often default to overly technical solutions for Al bias issues. Yet,
these mathematical and computational approaches do not adequately capture the societal
impact of Al systems [61, 73,75, 111]. The limitations of a computational-only perspective
for addressing bias have become evident as Al systems increasingly expand into our lives.

The reviewed literature suggests that the expansion of Al into many aspects of public
life requires extending our view from a mainly technical perspective to one that is socio-
technical in nature, and considers Al within the larger social system in which it operates
[7,19, 31, 37,74, 75,78, 114-119]. Using a socio-technical approach to Al bias makes it
possible to evaluate dynamic systems of bias and understand how they impact each other
and under what conditions these biases are attenuated or amplified. Adopting a socio-
technical perspective can enable a broader understanding of Al impacts and the key de-
cisions that happen throughout, and beyond, the Al lifecycle—such as whether technology
is even a solution to a given task or problem [3, 108]. Reframing Al-related factors such
as datasets, TEV'V, participatory design, and human-in-the-loop practices through a socio-
technical lens means understanding how they are both functions of society and, through
the power of Al, can impact society. A socio-technical approach also enables analytic
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approaches that take into account the needs of individuals, groups and society.

' N
Techno-solutionism

As computational technologies have evolved, there has been an increasing
tendency to believe that technical solutions alone are sufficient for addressing
complex problems that may have social, political, ecological, economic, and/or
ethical dimensions. This approach to problem-solving, often termed techno-
solutionism,[120] assumes that the “right” code or algorithm can be applied to any
problem and ignores or minimizes the relevance of human, organizational, and so-
cietal values and behaviors that inform design, deployment, and use of technology.

In the context of socio-technical Al systems, techno-solutionism promotes a view-
point that is too narrow to effectively address bias risks. One control, for exam-
ple, used in model risk management to mitigate against techno-solutionism and
other anti-patterns, is to establish, document, and review the anticipated real-world
value of an Al system.

Socio-technical approaches in Al are an emerging area, and identifying measurement tech-
niques to take these factors into consideration will require a broad set of disciplines and
stakeholders. Identifying contextual requirements for evaluating socio-technical systems
is necessary. Developing scientifically supportable guidelines to meet socio-technical re-
quirements will be a core focus.
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/AI bias extends beyond computational algorithms and models, and the datasets\
upon which they are built. The assumptions and decisions made within the pro-
cesses used to develop technology are key factors, as well as how Al technology
is used and interpreted once deployed. The idea that quantitative measures are
better and more objective than other observations is known as the MCNAMARA
FALLACY. This fallacy, and the related concept TECHNOCHAUVINISM [35], are
at the center of many of the issues related to algorithmic bias. Traditional ML
approaches attempt to turn ambiguity, context, human subjectivity, and cate-
gorical observations into objectively measurable quantities based on numerical
mathematical models of their representations. This well-intentioned process
enables data-driven modeling but it also inadvertently creates new challenges for
socio-technical systems. Representing these complex human phenomena with
mathematical models comes at the cost of disentangling the context necessary
for understanding individual and societal impact and contributes to a fallacy of
objectivity [121]. Science has made great strides in understanding the limitations
of human cognition, including how humans perceive, learn, and store visual,
aural, and textual information, and make decisions under risk. Yet, significant
gaps remain. Thus, any mathematical attempt to model such human traits is
limited and incomplete. This is a key challenge in model causality and predicting
human interpretation of model output. And without proper governance, excising
context and flattening the categories into numerical constructs makes traceability
more difficult [122].

Finding approaches in TEVV to compensate for these limitations in the un-
derlying modeling technology and bringing back the necessary context is an
important area of study.

2.4 An Updated Al Lifecycle

Improving trust in Al by mitigating and managing bias starts with identifying a structure
for how it presents within Al systems and uses. Organizations that design and develop
Al technology use the Al lifecycle to keep track of their processes and ensure delivery of
high-performing functional technology—but not necessarily to identify harms or manage
them. This document has adapted a four-stage Al lifecycle from other stakeholder ver-
sions.!! The intent is to enable Al designers, developers, evaluators and deployers to relate

AT lifecycles utilized as key guidance in the development of the four-stage approach are: Centers of Ex-
cellence (CoE) at the U.S. General Services Administration [70] [IT Modernization CoE. (n.d.)], the Or-
ganisation for Economic Co-operation and Development [106] [Organisation for Economic Co-operation
and Development. (2019).]. Another model of the Al lifecycle is currently under development with the
Joint Technical Committee of the International Organization for Standardization (ISO) and the International
Electrotechnical Commission (IEC). See Information technology — Artificial intelligence — Al system life
cycle processes, ISO/IEC CD 5338 (under development, 1st ed.), https://www.iso.org/standard/81118.html.

12/77


https://www.iso.org/standard/81118.html

Exhibit (SCSP-4)
Cases 24-E-0322, et al. Page 22 of 86

lifecycle processes with Al bias categories and effectively facilitate its identification and
management. The academic literature and best practice guidelines strongly encourage a
multi-stakeholder approach to developing Al applications using a lifecycle. Guidance for
how organizations can enable this approach is described in Section 3.3.2 and focuses on
participatory design methods such as human-centered design.
Al Lifecycles are iterative, and begin
in the Pre-Design stage, where plan-
ning, problem specification, background
research, and identification of data take
place. Decisions here include how to
frame the problem, the purpose of the Al
component, and the general notion that
there is a problem requiring or benefit-
ing from Al. Central to these decisions is
who (individuals or groups) makes them
and which individuals or teams have the
most power or control over them. These
Deployment early decisions and who makes them
can reflect systemic biases within orga-
nizational settings, individual and group
Fig. 3. The AI Development Lifecycle heuristics, and limited points of view.
Systemic biases are also reflected in the
datasets selected within pre-design. All of these biases can affect later stages and decisions
in complex ways, and lead to biased outcomes [3, 74-78].

The Design and Development stage typically starts with analysis of the requirements
and the available data. Based on this, a model is designed or selected. A compatibility anal-
ysis should be performed to ensure that potential sources of bias are identified and plans
for mitigation are put into place. As model implementation progresses and is trained on
selected data, the effectiveness of bias mitigation should be evaluated and adjusted.During
development the organization should periodically assess the completeness of bias iden-
tification processes as well as the effectiveness of mitigation. Finally, at the end of the
development stage, and before deployment, a thorough assessment of bias mitigation is
necessary to ensure the system stays within pre-specified limits. The overall model speci-
fication must include the identified sources of bias, the implemented mitigation techniques
and related performance assessments before the model can be released for deployment.

The Deployment stage is when the Al system is released and used. Once humans
begin to interact with the Al system the performance of the system must be monitored
and reassessed to ensure proper function. Teams should engage in continuous monitoring
and have detailed policies and procedures for how to handle system output and behavior.
System retraining may be necessary to correct adverse events, or decommission may be
necessary. Since the lifecycle is iterative there are numerous opportunities for technology
development teams to carry out multi-stakeholder consultation and ensure their applications

Design &

Pre-Design
9 Development

Test &

Evaluation
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are not causing unintended effects or harms. Specific guidance for governing systems under
these conditions is the subject of Section 3.4.1.

The Test and Evaluation stage is continuous throughout the entire AI Development
Lifecycle. Organizations are encouraged to perform continuous testing and evaluation of
all Al system components and features where bias can contribute to harmful impacts. For
example, if during deployment the model is retrained with new data for a specific context,
the model deployer should work with the model producer to assess actual performance for
bias evaluation. Multi-stakeholder engagement is encouraged to ensure that the assessment
is balanced and comprehensive. If deviations from desired goals are observed, the findings
should feed into the model Pre-Design stage to ensure appropriate adjustments are made
in data curation and problem formulation. Any proposed changes to the design of the
model should then be evaluated together with the new data and requirements to ensure
compatibility and identification of any potential new sources of bias. Then another round
of design and implementation commences to formulate corresponding requirements for
the new model capabilities and features and for additional datasets. During this stage,
the model developer should perform continuous testing and evaluation to ensure that bias
mitigation maintains effectiveness in the new setting, as the model is optimized and tested
for performance. Once released, the deploying organization should use documented model
specifications to test and evaluate bias characteristics during deployment in the specific
context. Ideally, this evaluation should be performed together with other stakeholders to
ensure all previously identified problems are resolved to everyone’s satisfaction.

The most accurate model is not necessarily the one with the
least harmful impact [123].

3. Al Bias: Challenges and Guidance

Through a review of the literature, and various multi-stakeholder processes, including pub-
lic comments, workshops, and listening sessions, NIST has identified three broad areas that
present challenges for addressing Al bias. The first challenge relates to dataset factors such
as availability, representativeness, and baked-in societal biases. The second relates to issues
of measurement and metrics to support testing and evaluation, validation, and verification
(TEVYV). The third area broadly comprises issues related to human factors, including so-
cietal and historic biases within individuals and organizations, as well as challenges related
to implementing human-in-the-loop. This section outlines some key challenges associated
with each of these three areas, along with recommended guidance.

It must be noted that TEVV does not amount to a full application of the scientific
method. TEVV is an engineering construct that seeks to detect and remediate problems in
a post-hoc fashion. The scientific method compels more holistic design thinking through
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rigorous experimental design, hypothesis generation, and hypothesis testing. In particular,
anecdotal evidence and the frequency of publicly-recorded Al bias incidents indicate that
solid experimental design techniques that focus on structured data collection and selection
and minimization of CONFIRMATION BIAS are being downplayed in many Al projects.
CONSTRUCT VALIDITY is particularly important in Al system development. Al develop-
ment teams should be able to demonstrate that the application is measuring the concept it
intends to measure. It is important for all stakeholders, including Al development teams,
to know how to evaluate scientific claims. That said, all the bias mitigants and gover-
nance processes outlined in this document do show promise. Interestingly, they are often
borrowed from practices outside of core Al and ML — even technical guidance related
to improved experimental design and more rigorous application of the scientific method.
None are a panacea. All have pitfalls. NIST plans to work with the trustworthy and re-
sponsible Al communities to explore the proposed mitigants and governance processes,
and build associated formal technical guidance over the coming years in concert with these
communities.

The challenge of bias in Al is complex and multi-faceted.
While there are many approaches for mitigating this chal-
lenge there is no quick fix.The recommendations in this
document include a sampling of potentially promising tech-
niques. These approaches, individually or in concert, are not
a panacea against bias and each brings its own strengths and
weaknesses.

3.1 Whois Counted? Datasets in AI Bias
3.1.1 Dataset Challenges

Al design and development practices rely on large scale datasets to drive ML processes.
This ever-present need can lead researchers, developers, and practitioners to first “go where
the data 1s,” and adapt their questions accordingly [124]. This creates a culture focused
more on which datasets are available or accessible, rather than what dataset might be most
suitable [108]. As a result, the data used in these processes may not be fully representa-
tive of populations or the phenomena that are being modeled. The data that is collected
can differ significantly from what occurs in the real world [76, 77, 117]. For example,
sampling bias occurs when data is collected from responses to online questionnaires or is
scraped from social media. The datasets which result are based on samples that are neither
randomized nor representative of a population other than the users of a particular online
platform. Such datasets are not generalizable, yet frequently are used to train ML appli-
cations which are deployed for use in broader socio-technical contexts, even though data
representing certain societal groups may be excluded [116]. Systemic biases may also be
manifested in the form of availability bias when datasets that are readily available but not
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fully representative of the target population (including proxy data) are used and reused as
training data. Disadvantaged groups including indigenous populations, women, and dis-
abled people are consistently underrepresented [37, 116, 125, 126]. Similarly, datasets
used in natural language processing (NLP) often differ significantly from their real-world
applications, [127] which can lead to discrimination [128] and systematic gaps in perfor-
mance. Other issues arise due to the common ML practice of reusing datasets. Under such
practices, datasets may become disconnected from the social contexts and time periods of
their creation. Scholars are beginning to examine the ethical and adverse impact impli-
cations of using data collected at a specific time for a specific purpose for uses that were
not originally intended. Decontextualizing data raises questions related to privacy, consent,
and internal validity of ML model results [129].

Even when datasets are representative, they may still exhibit entrenched historical and
systemic biases, improperly utilize protected attributes, or utilize culturally or contextually
unsuitable attributes. Developers sometimes exclude protected attributes, associated with
social groups which have historically been discriminated against. However, this does not
remedy the problem, since the information can be inadvertently inferred in other ways
through proxy or latent variables. Latent variables such as gender can be inferred through
browsing history, and race can be inferred through zip code. So models based on such
variables can still negatively impact individuals or classes of individuals [73]. Thus, the
proxies used in development may be both a poor fit for the concept or characteristic seeking
to be measured, and reveal unintended information about persons and groups. There is
also sensitivity related to attributes and inferences that do not receive protection under
civil rights laws, but which may enable discrimination when inferred and used by an ML
model, such as low income status. Alternately, when there is not sufficient knowledge or
awareness of the socio-technical context of a process or phenomenon, the attributes that are
collected for use in an ML application may not be universally applicable for modeling the
different social groups or cultures who are analyzed using the application. For example,
using (past) medical costs to predict the need for future health interventions leads to severe
under-prediction of healthcare needs in groups that do not have sufficient access to health
care, such as African Americans [14].

Protected attributes: A host of laws and regulations have
been established to prohibit discrimination based on grounds
such as race, sex, age, religious affiliation, national origin,
and disability status, among others. Local laws can apply
protections across a wide variety of groups and activities.

Once end users start to interact with an Al system, any early design and development
decisions that were poorly or incompletely specified or based on narrow perspectives can be
exposed, leaving the process vulnerable to additive statistical or human biases [77]. By not
designing to compensate for activity biases, algorithmic models may be built on data from
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only the most active users, likely creating downstream system activity that does not reflect
the intended or real user population [130, 131] resulting in potentially harmful impacts.
In one example, by considering that ads for jobs in Science, Technology, Engineering and
Mathematics (STEM) might be seen most often by men due to how marketing algorithms
optimize for cost in ad placement, the women who were the intended audience of the ads
never saw them [132] cf., VIGNETTE for details. Furthermore, feedback loops can result
in disparity amplification in which marginalized individuals or groups are less likely to
use an Al system and the subsequent training data are based on the most frequent users.
For example, non-native English speakers are less likely to use a voice-enabled personal
assistant and people living in transit deserts are often dependent on ride-hailing services.
So, the experiences of these groups do not match the intended purpose or operation of the
Al system.

3.1.2 Dataset Guidance

A key question that must be asked for the development and deployment of an Al system
is: do datasets exist that are fit or suitable for the purpose of the various applications, do-
mains and tasks for which the Al system is being developed and deployed? Not only is the
predictive behavior of the ML system determined by the data, but the data also largely de-
fines the machine learning task itself [61]. The question of dataset fit or suitability requires
attention to three factors: statistical methods for mitigating representation issues; processes
to account for the socio-technical context in which the application is being deployed; and
awareness of the interaction of human factors with the Al technical system at all stages of
the Al lifecycle. When datasets are available, the set of metrics for demonstrating fairness
are many, context-specific, and unable to be reduced to a concise mathematical definition
[133].

Statistical Factors Al bias problems are exacerbated by the variety of statistical biases
that are prevalent in the large scale datasets used in ML modeling. When these models
are deployed for decision-based applications, often in high-risk settings and off-label uses,
harms can be perpetuated and amplified.

A major trend for addressing Al bias is to focus on balanced statistical representation
in the datasets used in modeling processes. Simple but effective techniques, such as class
imbalance measures or label imbalance measures, or analysis using statistical phenomena
such as SIMPSON’S PARADOX,[134] can be used to detect bias in datasets, and sometimes
help mitigate it [85, 135-138]. Numerous studies and software libraries invoke data rebal-
ancing processes (e.g., [139]). Causal models and graphs may also be used to detect direct
discrimination in the data [61, 85].

Generalized linear models require that variables are independent with little multicollinear-
ity and that residuals are normally distributed and homoscedastic. Furthermore, common
algorithmic techniques such as L' and L? regularization in ML cost functions assume that
the variables are unimodal. However, data is often heterogeneous and multimodal espe-
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cially when populations are not disaggregated by gender, age, race, or income.

Thus, it is important to document and communicate the limitations of the applicability
of Al outputs, whether a model is used for benchmarking, prediction, or classification. In
many cases, practitioners train models on benchmark datasets and use them on real data
in specific applications. However, it may not be possible to fully address mathematically
the imbalances in representation and the heterogeneous nature of real-world heterogeneous
datasets. A recent study highlighted serious errors in commonly used benchmark dataset
[140]. Consequently, a model trained on biased and erroneous data may lead to biased and
inaccurate predictions. Moreover, training a model on one dataset and using it to operate
on another requires special care to account for potential differences in the distributions of
the datasets that may further exacerbate the unfairness and errors of the model.

Accounting for Socio-technical Factors

While statistical methods are indeed necessary, they are not sufficient for addressing the
Al bias challenges associated with datasets. Modeling processes have the intent of making
contextual concepts measurable. Once the context has been removed, however, it is difficult
to get it back, leading Al models to learn from inexact representations. Just as building
codes are designed based on general principles, but designed to incorporate the specific
geographic characteristics of a region, so too must the use of datasets in ML applications
be adapted to take into the full spectrum of socio-technical factors of the context in which
they are deployed.

4 )
Word embeddings represent text data as positions in a high-dimensional mathe-

matical space. Such a representation allows arithmetic (measurable comparisons)
to be performed on words [141]. However, when text data are simplified as math-
ematical objects, contextual information including homographs or idioms that do
not fit neatly into the model may be lost. When asked to compute “doctor” - “fa-
ther” + “mother” using this arithmetic, an Al system might respond with “nurse.”
Is the Al system’s answer due to historical gender stereotypes in professions or due
to the natural, close association of the gender-specific verb “nurse” with mother?
In other scenarios, even when attempts are made to explicitly remove bias from
training data, biases may still exist because of deep, complex connections within
the text data [80, 142].

Attention to the socio-technical factors for an Al system is essential at all phases of the
lifecycle, most importantly in design, development, and deployment. In the design phase,
socio-technical analysis provides insights into social variations in the dynamics or charac-
teristics of a phenomenon. This can help better frame questions for analysis and enable
assessment of dataset fit. A socio-technical perspective in the development phase facili-
tates selection of data sources and attributes, and explicitly integrates impact assessment as
a complement to algorithmic accuracy. Studies have shown how it is possible to mathemat-
ically address statistical bias in a dataset, then develop an algorithm which performs with
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high accuracy, yet produce outcomes that are harmful to a social class and diametrically
opposed to the intended purpose of the Al system [14]. The need for new ways to mea-
sure the impact of Al systems is a current theme in the literature and the trustworthy and
responsible Al research community. The practice of deploying Al in off-label uses, that is
Al systems being applied to a task or within a social or organizational context for which it
was not designed, must be approached with caution, especially in high-risk settings. Socio-
technical analysis can help determine if such use, with modification, is both ethically and
technically feasible. In all cases, a socio-technical perspective implicates adopting pro-
cesses that include involving stakeholders, examining cultural dynamics and norms, and
assessing societal impacts.

Al technologies can be perfectly accurate and still contribute
to harmful outcomes.

Interaction of human factors and datasets Systemic institutional biases are captured
in the datasets used to build the models underlying Al applications. These biases are com-
pounded by the decisions and assumptions made by Al design and development teams
about which datasets to use [129]. These decisions affect who and what gets counted, and
who and what does not get counted. The issue of “flattening” the societal and behavioral
factors within the datasets themselves is problematic, but often overlooked [66, 129, 143,
144]. The problem is further exacerbated by the variety of statistical biases that are preva-
lent in the large scale datasets used in ML modeling.

Human biases, whether conditioned socially or unconscious cognitive bias, are factors
in data selection, curation, preparation and analysis processes. A person who annotates
training data (for example, for gesture recognition and sentiment analysis) may impart their
own perception biases. A person who chooses which data sources and variables to leave in
or take out may do so in a way that aligns with a held belief. Data typically needs to be
cleaned in some way, removing outliers and spurious data. Missing data may be imputed
(replacing the missing values with nearest neighbors or extrapolated values) or removed
entirely. Missing data may be more frequent in marginalized populations. Furthermore,
because of compounding collection biases, missing and spurious data is often not random.
Data analysis decisions such as the cardinal treatment of ordinal data in a Likert-scale or
rating-scale data may lead to a biased estimator [145]. Processes for documenting poten-
tial sources of human bias are essential but often overlooked elements for characterizing
Al model transparency and explainability, in addition to addressing Al bias and fairness.
As with statistical factors and socio-technical analysis, incorporating awareness and docu-
mentation in the Al lifecycle helps to define limitations and ensure ethically and socially
appropriate uses that do not perpetuate or amplify harms. See Section 3.3 for a more thor-
ough discussion of challenges and guidance related to human factors and Al bias.
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3.2 How do we know what is right? TEVV Considerations for Al Bias
3.2.1 TEVYV Challenges

Delegating decision-making to algorithms is appealing because ML systems produce more
consistent decisions compared to humans [146]. However, Al systems do not work in a
vacuum. Operational context, such as the jurisdiction and industry vertical in which a
system operates, serves to frame fairness goals. Even the algorithm itself relies on data
for training and performance tuning, which in turn can be assessed by a fairness metric.
Therefore, when we consider the computational approaches to mitigating bias, we must
take into consideration these three components together: algorithms, data, and fairness
metrics.

Al systems regularly model concepts that are—at best—only partially observable or
capturable by data. Without direct measures for these highly complex considerations, Al
development teams use proxies, which can create many risks [147]. For example, for
“criminality,” a measurable index or construct, might be created from other information,
such as arrests and convictions, which are used as PROXY variables for predicting a certain
outcome—in this case, whether a certain individual is likely to be a repeat offender. In
algorithmic hiring, an Al system might be developed using input variables such as “length
of time in prior employment,” “productivity,” and “number of lost hours” as measurable
proxies in lieu of the not directly measurable concept of “employment suitability.” The al-
gorithm might also include a predictor variable such as distance from the employment site
[148] because it might correlate with employees quitting their job due to long commutes
or bad traffic. However, since “distance from the employment site” might disadvantage
candidates from certain neighborhoods, and “length of time in prior employment” might
disadvantage candidates who are unable to find stable transportation (or relate to other
socio-economic factors) the Al system will contribute to biased outcomes.

Epistemic and aleatoric uncertainty
ML distinguishes two types of predictive uncertainty: EPISTEMIC and ALEATORIC [149].
For example, models produced by deep learning ML systems exhibit epistemic uncertainty
in the parameters of the computed model. The model parameters are typically computed as
the result of a nonconvex minimization of an appropriately chosen cost function. It is well
known from mathematics that such a formulation of the problem does not have a unique
solution [150, 151]. While epistemic uncertainty can be reduced by increasing the amount
of representative training data, it cannot be fully eliminated. This can impact the behav-
ior of a deep learning system in deployment when used with real-world data, especially
when there is a mismatch in the distributions of the real and training data [102]. This can
lead to undesirable effects on many of the Al system’s critical attributes (e.g., robustness,
resilience), including inducing harmful bias. Even convex problems (e.g., multiple linear
regression) may suffer from epistemic uncertainty when a decision variable is not included
in the model.

Another inherent type of uncertainty associated with machine learning is ALEATORIC.
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It represents the uncertainty inherent in the data, e.g., the uncertainty in the label assigning
process of the training dataset. Aleatoric uncertainty is the irreducible part of the predictive
uncertainty. Since these two types of uncertainties (EPISTEMIC and ALEATORIC) are highly
context-dependent, changing the context may blur the difference between them or even
cause one to turn into the other. Thus, their characterization as reducible and irreducible is
not absolute. For example, datasets containing overlapping samples with different attributes
could be embedded into higher dimensions so that the samples are clearly separated, thus
reducing aleatoric uncertainty at the expense of epistemic uncertainty - because the model
would likely overfit the existing data in the larger space. Some of the difficulty in distin-
guishing epistemic and aleatoric uncertainty is that ML models are (implicit) mathematical
representations of the data on which they are trained [152].

The growth of Large Language Models

Large LANGUAGE MODELSs (LLMs) have become the dominant trend in deep learning to-
day and are expected to continue to grow in importance [103, 153]. Although LLMs have
been able to achieve impressive advances in performance on a number of important tasks,
they come with significant risks that could potentially undermine public trust in the technol-
ogy. LLMs create significant challenges for both EPISTEMIC and ALEATORIC uncertainty.
Relying on large amounts of uncurated web data increases aleatoric uncertainty [154]. In-
depth knowledge of the data and its statistical properties is critically important for detecting
bias in the predictive output of ML models.

Identifying sources of bias is the first step in any bias mitiga-
tion strategy.
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Epistemic uncertainty and large-scale Al models

With the availability of large and fast computing resources, massive artificial neu-
ral networks are becoming increasingly common. In particular, some language
models now consist of trillion-dimensional parameter spaces trained on hundreds
of gigabytes of data. The training data, often scraped from internet sources, com-
monly has known gender, racial, cultural, and socio-economic biases [154, 155].
Alternative approaches to large-sized language datasets have been proposed to
mitigate harmful bias, but such an approach may introduce other human biases in
the selection of values-targeted datasets. Beyond the systemic and selection bi-
ases, large language models also highlight EPISTEMIC UNCERTAINTY. Stochastic
gradient descent (or other accelerated methods) methods [151] are used to find a
set of parameters that minimize a cost function associated with the model, but deep
neural networks exhibit complicated nonlinearities which result in many potential
local minima. A trillion-dimensional manifold may have a huge, unknown num-
ber of minima [156]. Furthermore, to fit these parameters into computer memory,
it is often necessary to use half-precision floating-point numbers [157], introduc-
ing rounding error which may undermine stability in the numerical methods [158].
As a result, the model may demonstrate unknown and erratic behavior and chal-
lenges for reproducibility and explainability [159].

In the quest for fitting larger and larger models into existing finite computational re-
sources, LLLMs rely on techniques, e.g., reduced-precision numerical representations of
models, that further increase the epistemic uncertainty of deep learning models, [160]
cf., VIGNETTE. Early practice has shown that concerns about the use of LLMs are in-
deed valid, with preliminary experimental results showing LLMs exhibit significant bias
[154, 161, 162]. To reduce risks from the use of LLMs, future work in this area should
move towards efforts to fully understand and characterize their behavior, and to devise
effective mitigation measures against the biases they bring.

Processes
While datasets exhibit numerous biases that lead to harmful impacts, they feed directly into
other system level processes that determine what is important to model. For Al systems
to determine this importance, and effectively categorize and sort the firehose of data for
downstream recommendations and decisions, contextual information is flattened and unob-
servable phenomena are quantified through the development of indices and use of proxies.
The use of data attributes with names like “criminality,” “hireability,” “creditworthiness,”
or similar can be indicative of experimental design problems that give rise to harmful bias.
The software designers and data scientists working in design and development are of-
ten highly focused on system performance and optimization. This focus can inadvertently
be a source of bias in Al systems. For example, during model development and selection,
modelers will almost always select the most accurate models. Yet, as Forde et al describe
in their paper, [163] selecting models based solely on accuracy is not necessarily the best
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approach for bias reduction. Furthermore, the choice of the model’s objective function,
upon which a model’s definition of accuracy is based, can reflect bias. Not taking context
into consideration during model selection can lead to biased results for sub-populations
(for example, disparities in health care delivery). Relatedly, systems that are designed to
use aggregated data about groups to make predictions about individual behavior—a prac-
tice initially meant to be a remedy for non-representative datasets[18]—can lead to biased
outcomes. This bias, known as ECOLOGICAL FALLACY, occurs when an inference is made
about an individual based on their membership within a group (for example, predicting
college performance risk based on an individual’s race [52]). These unintentional weight-
ings of certain factors can cause algorithmic results that exacerbate and reinforce societal
inequities.

(Natural language processing (NLP) is a powerful computational approach to al—\
low machines to meaningfully understand human spoken and written languages.
Powering activities such as algorithmic search, speech translation, and even con-
versational text generation, NLP is able to help us communicate with computer
systems to carry out a variety of tasks. The set of harms that can arise from the
use of NLP however has become a recent concern in the area of trustworthy Al
[80, 90, 154, 164, 165]. Hovy and Prabhumoye describe five sources of bias in
NLP and potential ways to counteract it [166].
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Spurious Correlations
The speed and scope of machine learning processes can unfortunately ex-
pand the development of systems based on questionable scientific underpin-
nings that learn spurious correlations related to human characteristics. For ex-
ample, the German public radio outlet BR24 examined a system that purport-
edly assessed tone of voice, language, gestures, and facial expressions to cre-
ate a personality profile for use in hiring processes [6]. The analysis showed
the Al system was easily manipulated by superficial changes to its inputs,
awarding candidates higher scores when they
wore glasses or when a bookshelf was in the
background, diminishing claims that the sys-
tem analyzed human expressions, and raising
concerns about shortcut learning [167]. In-
deed, many Al systems now attempt to make
inferences about individuals based on their fa-
cial characteristics that are not scientifically
supportable, such as their propensity for com-
mitting crimes or even their sexual orienta-
tion [121, 168—-172]. The basis for draw-
ing conclusions about emotional state from
facial characteristics ranges from unscientific
and debunked theories to emerging experimen-
Fig. 4. The output of an Al system  tal studies [173], presenting concerning chal-
altered by background content. lenges to Al systems that claim to make such
judgements. By mechanizing human charac-
teristics these systems can obfuscate significant uncertainty and result in harmful
biases. Al-based hiring systems that claim to glean information about candidates
from audio and video have been shown to increase bias in outcome decisions and
may present untenable trade-offs between bias mitigation and prediction accuracy
[174]. AI systems marketed as making predictions based on facial expressions
often generate decisions based on biased experimental design premises [168] or
spurious patterns learned by the system (e.g., shortcut learning). These cases illus-
trate the risks associated with using Al systems for tasks like sentiment or affect
analysis, along with using systems to infer spurious correlations more broadly,
which can perpetuate biases across groups and, in several instances can be scien-
tifically unsound [175]. Al systems in consequential or sensitive areas should not
be built on the basis of spurious correlations. They can provide faux-objective jus-
tification for biased outcomes. A socio-technical perspective broadens awareness
of these risky computational approaches.

The rise of predictive analytics as a mechanism for identifying patterns in human be-
havior is a recent example of a process that can produce biased outcomes and therefore
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should be used carefully. These applications can be highly effective at identifying key in-
sights in data that are unable to be gleaned by humans [176]. This technology is also often
presented and perceived as a way to reduce human cognitive biases and make decisions
more fair and objective [27, 177, 178]. In well defined and constrained settings these tech-
nologies can result in accurate and fair outcomes. However, the assumption that Al-based
systems are more objective, especially in high stakes decision making, remains unclear.
Categorizing unobservable behavior and phenomena leads to increased uncertainty in sys-
tem performance. Measuring whether the patterns identified by these applications are real
or a result of spurious correlations is difficult. Adding to the challenge is the reality that
these systems are built and placed within organizational settings along with their accompa-
nying — often unstated — policies and priorities, and used by subject matter experts and
decision makers who have their own implicit heuristics and biases [179]. A fallacy of ob-
jectivity can often surround these processes, and may create conditions where technology’s
capacity and capabilities are oversold [121]. See VIGNETTE for an example.

Algorithmic effects

Algorithmic complexity can vary greatly across AI models. The number of parameters,
which mathematically encode the training data, may be as few as one and as many as
one trillion. Simple models with fewer parameters are often used because they tend to be
less expensive to build, more explainable and more transparent, and easier to implement.
However, such models can exacerbate statistical biases because restrictive assumptions on
the training data often do not hold with nuanced demographics. Furthermore, designers
who must make decisions on what variables to include or exclude can impart their own
cognitive biases into the model [110, 180]. Complex models are often used on nonlinear,
multimodal data such as text and images. Such models may capture latent systemic bias
in ways that are difficult to recognize and predict. Expert systems, another Al paradigm,
may encode cognitive and perceptual biases in the knowledge accumulated by practitioners
from which the system is designed to emulate.

Validity

Ultimately, Al systems should demonstrate that they perform accurately, but how do we
know what constitutes a “right answer”? Validating performance is a difficult but nec-
essary endeavor for any system being deployed to the public and effective management
and mitigation of Al bias. Many difficulties and flaws can arise in system validation. A
common challenge in system testing is a lack of ground truth, or noisy labeling and other
annotation factors which make it difficult to know what is accurate. The use of proxy vari-
ables compounds this difficulty, since what is being measured isn’t directly observable.
Performing system tests under optimal conditions — or conditions that are not close to the
deployed state — is another challenging design flaw. System performance metrics are also
difficult to generalize and can lead to issues with unintended use. Due to these challenges,
subject matter experts should be relied upon during validation to create and oversee the
most realistic possible validation processes [102]. Also the practice of “stratified perfor-
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mance evaluations,” [102] where system performance is analyzed across segments in the
training or test data, whether demographic segments or otherwise, is a basic consideration
for understanding system validity across a population of users.

Validation and deployment

Validation also means ensuring that the system is not being used in unintended ways. DE-
PLOYMENT BIAS happens when an Al model is used in ways not intended by developers.
Emergent bias happens where the model is used in unanticipated contexts. Developers of
an algorithm used by major U.S. cities to assist in coordinating housing to homeless people
began phasing it out after several cities inappropriately used the algorithm as an assessment
tool rather than as the presecreening tool as it was designed [181]. In another instance, the
Chicago Police Department decommissioned an algorithm designed to predict the risk that
an individual might be involved in future gun violence, citing unintended use and misap-
plication of the model [182].

It is not uncommon for deployment to be used as system testing. Depending on the
context, institutional review may not be required to carry out this type of testing [183].
Without system validation, an Al system could be released that is technically flawed or
fails to establish appropriate underlying mechanisms for proper functioning [184—-186]. A
system could be deployed in a negligent manner, be based on pseudoscience or spurious
correlations, prey on the user, or generally exaggerate claims. In such cases, the goal should
not be to ensure applications are bias-free, but to reject the development outright in order to
prevent disappointment or harm to the user as well as to the reputation of the provider. Such
systems may also run afoul of existing legal frameworks that proscribe unfair, deceptive,
and predatory practices (UDAP).!? This type of scenario may reinforce public distrust of
Al technology since untested or technically flawed systems can contribute to bias and other
harmful outcomes.

Al systems as magic

A further validation challenge of Al systems stems from their accessibility and hype. Physi-
cist Richard Feynman referred to practices that superficially resemble science but do not
follow the scientific method as cargo cult science. A core tenet of the scientific method is
that hypotheses should be testable, experiments should be interpretable, and models should
be falsifiable or at least verifiable. Commentators have drawn similarities between Al and
cargo cult science citing its black box interpretability, reproducibility problem, and trial-
and-error processes [187, 188]. High-level machine learning libraries and reduced costs
of cloud computing have made Al more affordable and easier to develop. As a result,
Al development is becoming increasingly democratized. Still, Al itself remains largely
opaque—deep neural networks and Bayesian inference require advanced mathematics to
understand. The DUNNING-KRUGER EFFECT is a cognitive bias in which a person with
limited knowledge in a domain may vastly overestimate their understanding of that domain.

1260, . g., Federal Trade Commission Act, Section 5.
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Even among experts, data-driven technologies can exacer-
bate CONFIRMATION BIAS, particularly when they are im-
plicitly guided by expected outcomes. An analysis that ex-
amined hundreds of Al algorithms for identifying COVID
found that few of them were effective [189].

The danger is that with enough tweaking of hyperparameters across many candidate
Al models, one of them may appear to be highly accurate even when measured against
standard performance datasets. DATA DREDGING (also known as p-hacking) is a statistical
bias in which testing huge numbers of hypotheses of a dataset may appear to yield statistical
significance even when the results are statistically nonsignificant.

Fig. 5 provides examples of how the three categories of bias — systemic, statistical and
computational, and human - interact and contribute to harms within the data and processes
used in Al applications, and the validation procedures for determining performance.

Systemic Biases Statistical and Human Biases
Computational Biases

Datasets _ . B> Sampling and selection bias B> Observational bias (streetlight
B> Issues with latent variables effect)

B> Using proxy variables because they » Availability bias (anchoring)

»> Underrepresentation of marginalized are easier to measure
groups

Who is counted, and

who is not counted? . .
B> Automation bias B> McNamara fallacy

»> Likert scale (categorical to ordinal to

> Automation of inequalities . .
L & cardinal) B> Groupthink leads to narrow choices

B> Underrepresentation in determining

S . ;
utility function 4 T IR, B> Rashomon effect leads to subjective

Processes and »> Ecological fallacy advocacy

Human Factors B> Processes that favor the majority/minority . . ..
P> Minimizing the L1 vs. L2 norm S i . e P
What is important? P> Difficulty in quantifying objectives

B> Cultural bias in the objective function »> General difficulty in quantifying may lead to McNamara fallacy
(best for individuals vs best for the contextual phenomena
group)

B> Reinforcement of inequalities (groups
are impacted more with higher use of »> Lack of adequate cross-validation B> Confirmation bias

A . T

TEVV Predictive policing more negatively B> Survivorship bias ¥ Automation bias
. impacted
>
How do m./e IfnoW Widespread adoption of »> Difficulty with fairness
what is right? ridesharing/self-driving cars/etc.

may change policies that impact
population based on use

Fig. 5. How biases contribute to harms

3.2.2 TEVV Guidance

To mitigate the risks stemming from epistemic and aleatoric uncertainties, model devel-
opers should work closely with the organizations deploying them. Teams should work to
ensure periodic model updates, and test and recalibrate model parameters on updated repre-
sentative datasets to meet the business objectives while staying within desired performance
targets and acceptable levels of bias. From a Bayesian inference perspective, this can be
seen as updating the prior of the model to help avoid issues that may arise from using stale
priors. Organizations are recommended to employ appropriate governance procedures to
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adequately capture this cross-organizational need and ensure no negative impacts from us-
ing the Al technology.

Algorithms

In ML, it is not meaningful to assign bias to the model or algorithm itself without con-
textual information about the specific tasks on which they may be used. This links the
model and algorithm to the dataset on which they are trained and tested (see VIGNETTE
for how contextual factors can play a role in bias). The catchphrase “bias in, bias out” is
widely used to describe the heavy dependence of the algorithmic behavior on the data. For
example, in a natural language processing context, hate speech detection models use di-
alect markers as toxicity predictors, which can result in bias against minority groups [190].
In another context, an algorithm designed to deliver gender-neutral advertisements about
jobs in STEM resulted in gender bias due to younger women being considered a valuable
subgroup and more expensive as the targets for advertisements [85, 132].

Methods that help to reduce algorithmic bias are another helpful construct for under-
standing it. Specific methods for algorithmic mitigation of bias for many different machine
learning tasks have been delineated or surveyed in recent studies [85, 191-194]. When
considering approaches to mitigating algorithmic bias in a specific task context, recent lit-
erature categorizes debiasing methods into one of three categories [61, 85, 191, 194]:

1. Pre-processing: transforming the data so that the underlying discrimination is mit-
igated. This method can be used if a modeling pipeline is allowed to modify the
training data.

2. In-processing: techniques that modify the algorithms in order to mitigate bias during
model training. Model training processes could incorporate changes to the objective
(cost) function or impose a new optimization constraint.

3. Post-processing: typically performed with the help of a holdout dataset (data not
used in the training of the model). Here, the learned model is treated as a black box
and its predictions are altered by a function during the post-processing phase. The
function is deduced from the performance of the black box model on the holdout
dataset. This technique may be useful in adapting a pre-trained large language model
to a dataset and task of interest.
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The limits of algorithmic transparency in eliminating bias

Automated decision-making is appealing but comes with risks that can result in
discriminatory outcomes. Researchers investigated settings where ads are allo-
cated by algorithm and found instances where historically—discriminated—against—
groups are less likely to see desirable ads [132]. In this setting, a field test was
performed with an ad that was intended to promote job opportunities and train-
ing in STEM. The STEM career ad campaign was motivated by widespread con-
cern about a shortage of underrepresented groups in the STEM sector, particularly
women. The assumption is that disseminating information about STEM careers to
women and encouraging women to enter this field helps to address this problem.
However, since women are far more likely to make decisions about household
purchases, they are more valuable targets for advertising, creating pricing differ-
entials for ad displays. The result of the ad campaign was that 20%+ more men
than women viewed the ad, with the largest difference in the 25-54 year old age
group.

The findings in this study help demonstrate the difficulty of evaluating algorithms
for preventing discrimination, and the need for a socio-technical lens on the chal-
lenge. Itis insufficient to look for bias in the algorithm alone. Relatedly, according
to Lambrecht [132]:

“One popular policy prescription has been a focus on algorithmic trans-
parency where algorithmic codes are made public. Such policies are gaining
increasing momentum - for example, the Federal Trade Commission (FTC)
launched a new unit focused on algorithmic transparency, ... however, that
algorithmic transparency would not have helped regulators to foresee uneven
outcomes. The reason is that an examination of the algorithmic code would
likely have revealed an algorithm focused on minimizing ad costs for advertisers.
Without appropriate knowledge about the economic context and how such cost—
minimization might affect the distribution of advertising, such ‘transparency’
would not have been particularly helpful.”

While transparency into Al system mechanisms is rarely a direct bias mitigant,
as explained above, transparency enables many critical Al governance functions.
Transparency is very important, but should not be mistaken for fairness.

In sectors of the U.S. economy where the Equal Credit Opportunity Act,' influential
court cases,'* or other legal and regulatory matters invoke the legal doctrine of Disparate
Treatment, debiasing efforts may be less likely to explicitly include pre-, in-, and post-
processing approaches, and instead rely on alternative modeling approaches. In consumer

I3CFPB Supervision & Examination Manual, pt. II, § C, Equal Credit Opportunity Act (Oct. 2015).
14¢.¢., Ricci v. DeStefano, 557 U.S. 557 (2009).
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finance and employment litigation, where the practice of bias remediation, e.g., debias-
ing, has been pursued for decades, practitioners are more likely to consider adjustments
to input variables or model hyperparameters to improve bias testing results or real-world
outcomes. Demographic group membership, necessary for bias testing purposes, is often
inferred using the Bayesian improved surname geocoding (BISG) process (see [195]).

Modeling algorithms or debiasing techniques that rely on
demographic information, as most pre-, in-, and post-
processing methods do, may pose higher risks in regulated
environments where disparate treatment must be avoided
[196].

Fairness metrics

From a computational standpoint, defining a fairness metric for ML requires developing
a formal mathematical model to achieve desired predictive goals on a given dataset and
associated task. Numerous fairness metrics are proposed in the literature [85, 191, 194,
197-199]. Much of the work in determining fairness criteria involves supervised learning,
but the labeled data required for these tasks may not be readily available. This is particularly
true for large language models, where the sheer scale of the datasets used for training is
prohibitive for proper data labeling. This has a direct impact on both representativeness of
the training data and, in turn, its impact on the representativeness of the generated model
might exacerbate discriminatory outcomes, as large language models are adapted to specific
datasets and tasks. Moreover, even if datasets are representative they may still exhibit biases
or improperly utilize protected attributes, which in turn may lead to discrimination. Proxies
may be used for hiding protected attributes and care should be taken to avoid discrimination
resulting from badly chosen proxies [59, 136, 147, 200, 201]. And, even if proxies are used
to hide protected attributes, they may still reveal sensitive information about individuals or
groups [195, 202].

Recent literature [203] considers alternative learning tasks, e.g. unsupervised learning
and reinforcement learning where only intermediate feedback is provided to the model,
and tries to balance the effects of short- and long-term rewards. Several open questions still
remain about the use and representativeness of synthetically generated data, in applications
where little data is available. An emerging related line of research is to use simulations to
evaluate the long-term impact of machine learning systems by incorporating elements of
system level dynamics, feedback loops, and other long-term effects to make fair decisions
in dynamic environments [204].

Another challenge, with serious social ramifications, is how to measure fairness in
the emergent class of deployed generative models, such as large language models,
computer vision systems, or deep fakes, whose outputs are free form text, audio
or video [205].
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While academic research into mathematical notions of fairness has blossomed in recent
years, procedures for testing fairness in regulatory and litigation settings such as employ-
ment and consumer finance have been operational for decades, and reached a level of ma-
turity before the recent increase in interest on the topic. In these areas, statistical tests can
be applied to determine whether some automated decision-making system is acting out-
side the bounds of applicable law. t-tests, y>-tests, analysis of regression coefficients, and
other traditional statistical tests can be used to show a statistically significant difference be-
tween ML system outcomes across demographic groups. In some cases, measurements of
differential validity are also used to ensure that applicants and employees receive roughly
equal service from systems in employment, where system performance quality is evaluated
across demographic groups. !

Credible attempts at bias mitigation should maintain align-
ment with acknowledged legal standards.

Generally, the majority of fairness metrics are observational as they can be expressed
using probability statements involving the available random variables [61]. These metrics
can be classified into many categories: fairness through unawareness, individual fairness,
demographic parity, disparate impact, differential validity, proxy discrimination, equality
of opportunity, etc. However, not all critically important lines of inquiry can be answered
through observations alone. Moreover, depending on the relationship between a protected
attribute and the data, certain observational definitions of fairness can increase discrimina-
tion. Hence, research to improve fairness metrics continues. For instance, a counterfactual
fairness definition has been developed [199] to capture the intuition that a decision is fair
towards an individual if it is the same in both the actual world and a counterfactual world—
where the individual belongs to a different demographic group. Simulations can also be
used to gain counterfactual information about how the data would have varied if a different
data collection or decision-making policy had been in place [204]. As algorithmic discrim-
ination can arise from the encoding of spurious correlations and noisy local dependencies
into ML systems during training, there is currently great focus on causal tools [206] and
how they can formally incorporate effects of hypothetical actions to solve a wide range of
fairness modeling problems. Until causal methods are more widely available and adopted,
minimizing the number of input variables, and ensuring that there is no strong correlation
amongst them and a logical relationship to the prediction target, is a mitigation tactic for
proxy discrimination and other Al risks.

158ee, e.g., U.S. v. Ga. Power Co., 474 F.2d 906 (5th Cir. 1973).
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When deciding which fairness metric to adopt, it is important
to recognize the impossibility of satisfying certain mathemat-
ical fairness constraints at once except in highly constrained
special cases [207]. For example, there is an inherent incom-
patibility between two conditions: calibration and balancing
the positive and negative classes. These conditions cannot
be satisfied simultaneously unless under certain constraints
[78]. While not all mathematical fairness desiderata can be
achieved simultaneously, it is important to note that mitigated
bias and good performance can be achieved simultaneously
[208].

The plethora of fairness metric definitions illustrates that fairness cannot be reduced to
a concise mathematical definition. Fairness is dynamic, social in nature, application and
context specific, and not just an abstract or universal statistical problem. Therefore, it is
important to adopt a socio-technical approach to fairness in order to have realistic fair-
ness definitions for different contexts as well as task-specific datasets for machine learning
model development and evaluation.

3.3 Who makes decisions and how do they make them? Human Factors in Al Bias
3.3.1 Human Factors Challenges

As ML algorithms have evolved in accuracy and precision, computational systems have
moved from being used purely for decision support—or for explicit use by and under the
control of a human operator—to automated decision making with limited input from hu-
mans. Computational decision support systems augment another, typically human, system
in making decisions. Comparatively, for algorithmic decision systems there is less human
involvement, with the Al system itself more in the “driver’s seat,” and able to produce out-
comes with little human involvement to govern the impact. The growth and prevalence of
algorithmic decision systems has helped to drive a decreased sense of trust in Al among the
public [209]. This distrust is exacerbated by the reality that historical and social biases are
baked-in to the data and assumptions used in the algorithmic models generating automated
decisions. As a result, these algorithmic models have a higher probability of producing and
amplifying unjust outcomes (e.g. for racial and ethnic minorities in areas such as criminal
justice) [18-30, 210]. The systemic biases embedded in algorithmic models can also be
exploited and used as a weapon at scale, causing catastrophic harm [211-214]. Organiza-
tions that deploy Al models and systems without assessing and managing these risks can
not only harm their users but jeopardize their reputations.

Deployment Context of Use
Al systems are designed and developed to be used in specific real world settings, but are
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often tested in idealized scenarios. Once deployed, the original intent, idea, or impact
assessment can drift as the application is repurposed or used in unforeseen ways, and in
settings or contexts for which it was not originally intended. Different deployment con-
texts means a new set of risks to be considered. Engaging with the broad set of stakeholder
communities that may be impacted by the deployment of these technologies—before the
decision is made to build the Al system—is an important consideration and strongly rec-
ommended. For more on context of use and what it encompasses from a human-centered
design perspective, see subsequent Section 3.3.2.

4 )
One major purpose, and a significant benefit, of automated technology is that it

can make sense of information more quickly and consistently than humans. Al
systems are also often perceived as a way to make public interest decisions more
fair, or to reduce (or eliminate) biased human decision making and bring about a
more equitable society [27]. These perspectives have led to the deployment of au-
tomated and predictive modeling tools within trusted institutions and high-stakes
settings such as hiring or criminal justice. In such settings, automated decisions
that incorporate negative biases can perpetuate harms more quickly, extensively,
and systematically than human and societal biases on their own.

Human-in-the-loop

Most algorithmic decision systems are socio-technical systems. They are inextricably tied
to human social behavior, from the datasets used by ML processes and the decisions made
by those who build them, to the interactions with the humans who provide the insight
and oversight to make such systems actionable. The default assumption is that placing a
human “in-the-loop” of such systems can ensure that adverse events do not occur. Current
perceptions about the role and responsibility of the human-in-the-loop with Al are often
implicit, and expectations about level of performance for these systems are often based on
untested or outdated hypotheses. The bulk of academic literature available in this domain
often relates to humans working with automated systems that pre-date the broad scale use
of ML.

Some human-in-the-loop systems are deployed for use by subject matter experts. In
this expert-driven scenario, professionals with expertise in a specific domain work in con-
junction with an automated system towards a specific end goal—usually a consequential
decision about another individual(s). Depending on the purpose of the system, the expert
may interact with the ML model but is rarely part of the design or development of the
system itself. These experts are not necessarily familiar with ML, data science, computer
science, or other fields traditionally associated with Al design or development. For ex-
ample, for Al systems that are deployed in the domain of medicine, the experts are the
physicians and bring their expertise about medicine—not data science, data modeling and
engineering, or other computational factors.
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The perception that a human (expert or otherwise) can effectively and objectively\
oversee the use of algorithmic decision systems is a problematic assumption.
More work needs to be done to understand the complex institutional and soci-
etal structures where these systems are developed and placed. Humans carry their
own significant cognitive biases and HEURISTICS into the operation of Al systems
and exactly how they can assist remains an understudied area. One challenge with
human-in-the-loop scenarios is finding a configuration that enables a system to be
used in a way that optimally leverages, instead of replaces, the subject matter ex-
pertise of the human. This is difficult since subject matter experts and Al develop-
ers often lack a common vernacular, which can contribute to miscommunication
and misunderstood expectations and capabilities on both sides of the human-Al
system.

Expert-system configurations are complex, even without the aid of a highly advanced
Al Experts and operators can often be placed into Al-based system settings without explicit
declarations for governing authority over the specific task and outcome. With the promise
of approaches that are more quantitative, subject matter experts may inadvertently activate
the McNamara fallacy and leverage the Al system to take the pressure off of their often
more subjective processes for the presumed objectivity of automation (this bias is often
referred to as automation complacency). Expert users may also subconsciously find ways
to leverage this perceived objectivity as cover, or even justification, for their implicit biases
[215-217] and inadvertently make decisions that are inaccurate and harmful. Relatedly,
Al developer communities may subconsciously presume that experts’ methods have been
validated to a greater degree than is the case. These kinds of implicit individual and group
actions may create conditions that indirectly encourage the use of technology that is not
quite ready for use, especially in high-stakes settings [3, 78, 218]. Researchers recommend
that Al development teams work in tighter conjunction with subject matter experts and
practitioner end users, who in turn, must “consider a deliberate and modest approach”
when utilizing automated output [219].

Expert-driven ML and human-in-the-loop practices are not intended to serve as a form
of oversight on Al systems and accompanying results. Experts bring their particular sub-
ject matter knowledge to the process, and are not necessarily trained to govern the use of
an Al system they played no role in developing. But current legal and governance struc-
tures actively rely on humans—either expert or otherwise—to serve as a mechanism for
protecting society from faulty, mistaken, and/or dangerous algorithmic decisions. The fun-
damental assumption of such structures is that a human overseer, simply by virtue of being
human, will be able to provide adequate governance for systems.'® The reality however is

oThis is most frequently emphasized in governance frameworks that associate human-in-the-loop

decisions as posing less risk, as opposed to fully automated decision making. See, for exam-
ple, the role of general human intervention in minimizing risks for Al systems in the FDA’s
“Good Machine Learning Practice for Medical Device Development:  Guiding Principles,”
https://www.fda.gov/medical-devices/software-medical-device-samd/good-machine-learning-practice-
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that without significant procedural and cultural support, optimistic expectations about how
humans are able to serve in this administrative capacity are not borne out in practice. The
literature provides a thorough review of the flaws of human oversight policies [112].

/General public
The challenge of interpretable systems is also a factor for consumer or citizen use
of Al applications. It is presumed that trust can improve if the public is able to
interrogate and engage with Al systems in a more transparent manner. In their ar-
ticle on public trust in Al, Knowles and Richards state ... members of the public
do not need to trust individual Als at all; what they need instead is the sanction of
authority provided by suitably expert auditors that Al can be trusted” [220]. De-
veloping such an authority requires standard practices, metrics, and norms from a
socio-technical perspective. The NIST Al Risk Management Framework will help

create standard practices, metrics and norms in consensus with the Al community.
& J

Reliance on various downstream professionals to act as a
governor on automated processes in complex societal sys-
tems is not a viable approach.

3.3.2 Human Factors Guidance

Impact assessments

The decision to deploy Al technology is a function of organizational incentives. Al is
designed and developed within a set of organizational norms and policies. One recent
proposed approach for ensuring that technology is developed in an ethical and respon-
sible manner is the algorithmic impact assessment. Identifying and addressing potential
biases is an important step in the assessment process. There is currently momentum for Al
researchers to include statements about potential societal impacts [221] when submitting
their work to journals or conferences. Similar to privacy impact assessments, which are re-
lied upon by data protection and privacy frameworks to gauge and respond to data privacy
risks, such impact assessments provide a high-level structure that enables organizations to
frame the risks of each algorithm or deployment while also accounting for the specifics of
each use case. Engaging in impact assessment can also serve as a forcing mechanism for

medical-device-development-guiding-principles; NHTSA’s “Automated Driving Systems 2.0 Voluntary
Guidance,”  https://www.nhtsa.gov/sites/nhtsa.gov/files/documents/13069a-ads2.0-090617_v9a_tag.pdf.
In the military context, even more emphasis has been placed on human intervention, such as
in “Al Principles: Recommendations on the Ethical Use of Artificial Intelligence,” Department
of Defense Defense Innovation Board, https://media.defense.gov/2019/0ct/31/2002204458/-1/-
1/0/DIB_AI_PRINCIPLES_PRIMARY _DOCUMENT.PDF; see also Brig. Gen. (ret.) Jean Michel Verney
et al., “Human-On-the-Loop,” Joint Air & Space Power Conference 2021, https://www.japcc.org/human-
on-the-loop/.
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organizations to articulate any risks, and then to generate documentation of any mitigation
activities in the event that any harms—and associated oversight—do arise!’[222-226]. A
misstep with impact assessments is to only apply them once at the beginning of a long
and iterative process in which goals and outcomes can change over time. To overcome
the challenge of the point-in-time nature of impact assessments, impact assessments must
be applied at some reasonable cadence when used with iterative and evolving Al systems.
Another concern with impact assessments is that the technology groups, or others who will
be assessed, may have undue influence on building or using the assessment.

Multi-stakeholder engagement

The practice of technology development is also complicated by the role of power and de-
cision making within the organizational structure [227]. A consistent theme from the lit-
erature is the benefit of engaging a variety of stakeholders and maintaining diversity along
social lines where bias is a concern (racial diversity, gender diversity, age diversity, di-
versity of physical ability) [228, 229]. These kinds of practices can lead to broadening
perspectives, and in turn, more thorough evaluation of the societal impacts of technology-
based applications. Using the demographic traits of organizational personnel to identify
problematic aspects within development culture and practice is not sufficient and may not
be fair. Identifying downstream impacts may take time and require the involvement of end-
users, practitioners, subject matter experts, and interdisciplinary professionals from the law
and social science. Expertise matters, and these stakeholders can bring their varied expe-
riences to bear on the core challenge of identifying harmful outcomes and context shifts
within the specific setting the Al system will be deployed.

Technology or datasets that seem non-problematic to one group may be deemed disas-
trous by others. The manner in which different user groups can game certain applications
may also not be so obvious to the teams charged with bringing an Al-based technology
to market. These kinds of impacts can sometimes be identified in early testing stages, but
are usually very specific to the contextual end-use and will change over time. Acquiring
these types of resources for risk and associated impacts does not necessarily require a huge
allocation, but it does require deliberate planning and guidance. This is also a place where
innovation in approaching bias could improve practice. These factors are part of changing
norms and creating an organizational risk culture where teams improve capacity for con-
sidering the impact of the technology they design and develop, and communicating about
these impacts more broadly.

Diversity, Equity & Inclusion

Without prioritizing diversity, equity, and inclusion in the teams involved in training and
deploying Al systems it is difficult to move beyond a focus on system optimization or to
address design considerations and risks beyond a narrow subset of users. Consider for
example how character limits impact some languages and cultures more so than others; in

7H.R. 2231, 116th Cong. (2019), https://www.congress.gov/bill/116th-congress/house-bill/223 1 /text.
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recognition of this effect, Twitter increased its character limit from 140 to 280 characters
[230]. In another example, a recent exercise by the same social media company found that
Al used to filter image content disfavored people with white hair and memes written in
non-latin scripts [231, 232].

As recent research has shown that developers with similar demographic backgrounds
make similar misjudgements, [72] ensuring that individuals involved in training, testing,
and deploying the system have a diversity of experience, expertise and backgrounds is
a critical risk mitigant that can help organizations manage the potential harms of Al. The
human heuristics and biases that lead to examples such as these are implicit; as such, simply
increasing awareness of bias does not ensure control over it. As previously described in
Section 3.3, heuristics are adaptive mental shortcuts than can often be beneficial to reduce
complexity in tasks of judgement and choice, yet also lead to cognitive biases.

The concepts and reasoning behind diversity, equity, and inclusion in the workplace are
closely tied to the need for broad multi-stakeholder engagement during all aspects of the
Al lifecycle. Numerous studies have touted the benefits of increased diversity, equity, and
inclusion in the workplace [233-236]. Yet, the Al field noticeably lacks diversity [237].
To extend the benefits of diversity, equity, and inclusion to both the users and develop-
ers of Al systems, commentators and experts now recommend that bias mitigation efforts
should be multifaceted, empowering a diverse group of individuals who reflect a range of
backgrounds, perspectives and expertise, which in turn can help to broaden the views of
Al system designers and engineers [238, 239]. In particular, diversity, equity and inclusion
efforts can help organizations better understand: how the system is likely to impact a wide
variety of users, how such users might interact with the system in practice, the potential
harms and benefits of systems across users and groups, whether troubleshooting efforts—
such as the recourse channels described below—are likely to be effective in practice, as
well as how the system might impact broader populations beyond direct users of the sys-
tem, among others.

Practice Improvements

By taking a lifecycle approach it is possible to identify junctures where well-developed
guidance, assurance, and governance processes can assist business units and data and social
scientists to collaboratively integrate processes to reduce bias without being cumbersome
or blocking progress. Several technology companies are developing or utilizing guidance
to improve organizational decision making and make the practice of Al development more
responsible by implementing processes such as striving to identify potential bias impacts
of algorithmic models. One approach is to enumerate institutional assumptions when de-
veloping algorithmic decision systems and map these assumptions to the expectations of
the groups impacted by the technology—which requires deliberate multi-stakeholder and
community engagement. “Cultural effective challenge” is a practice that seeks to create
an environment where technology developers can actively challenge and question steps in
modeling and engineering to help root out statistical biases and the biases inherent in hu-
man decision making [240]. Requiring Al practitioners to defend their techniques, within
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a demographically and professionally diverse setting, can incentivize new ways of think-
ing, stimulate improved practices, and help create change in approaches by individuals and
organizations [227].

Human-AlI configuration

Al systems are often deliberately placed into high-risk settings to counteract the known
subjectivity and bias of humans. Yet considerable questions remain about how to optimally
configure humans and automation. An approach to human-in-the-loop that takes into con-
sideration the broad set of socio-technical factors is necessary, especially in the context of
Al bias. The list of relevant sub-topics span fields such as human factors, psychology, orga-
nizational behavior, and human-Al interaction, and building bridges between these and the
technology communities is still necessary. NIST seeks to develop formal guidance about
how to implement human-in-the-loop processes that do not amplify or perpetuate the many
human, systemic and computational biases that can degrade outcomes in this complex set-
ting. Identifying system configurations and necessary qualifications for their components
that result in outcomes that are accurate and trustworthy will be a key focus.

System and procedural transparency

A consistent finding in the literature is that Al systems need to be more explainable and in-
terpretable. The proliferation of tools such as datasheets and model cards are intended to fill
that gap [241, 242]. Bias intersects with transparency in complex ways. Groups who invent
and produce technology have specific intentions for its use and are unlikely to be aware of
all the ways a given application will be used and repurposed once deployed. Transparency
tools are especially helpful for addressing the problem of unintended use, but even when Al
systems are used as intended there are significant individual differences in how humans in-
terpret Al model output. This issue becomes particularly relevant when deploying systems
for use by subject matter experts, who are less interested in how a system works and more
concerned with why a system provided a given output. When system designers do not take
these perceptual differences into consideration it can lead to misinterpretation of output,
which is especially problematic in high-risk settings [243, 244]. Coordinated guidance is
necessary to ensure that transparency tools are effectively supporting the professionals who
use them and not indirectly contributing to processes that could amplify bias.

There are techniques to flag factors in datasets and modeling processes that can produce
biased outcomes or cause noncompliance with legal requirements. The intent here is that
flagging information for somebody along the Al lifecycle or the end user will serve as a
system check. Yet, flagging such information for downstream users does not always result
in a directly positive outcome, and can in fact create the opposite[181, 245]. Developing
guidance in this area will require more information about the settings under which human
biases may amplify harmful outcomes, and where humans can work optimally with and
complement an Al-based system. These questions, like those related to Al system design,
are notably dependent on setting (e.g., aircraft, cyber-physical systems, public safety and
forensics, manufacturing), operator (e.g., expert, trained, naive), and task (e.g., recognition,
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event detection, forecasting, reasoning).

Keeping humans at the center of Al design

Human-centered design (HCD) is an approach to the design and development of a system
or technology that aims to improve the ability of users to effectively and efficiently use
a product. HCD seeks to improve the user experience of an entire system, involving all
aspects of a technology, from hardware design to software design. HCD is a methodology
that has been successfully applied to a myriad of important domains, and NIST itself has
authored several HCD handbooks tailored for particular domains, e.g.:, biometrics and
public safety [246, 247].

HCD is an ongoing, iterative process in which project teams design, test, and contin-
ually refine a system, placing users at the core of the process. Humans and their needs
drive the process, rather than having a techno-centric focus. HCD works as part of other
development lifecycles, including waterfall, spiral and agile models. User-centered design,
HCD, participatory design, co-design, and value-sensitive design all have key similarities;
at the highest level, they seek to provide humans with designs that are ultimately beneficial
to their lives. Furthermore, by placing humans at the center of such approaches, they nat-
urally lend themselves to a deeper focus on larger societal considerations such as fairness,
bias, values, and ethics. HCD works to create more usable products that meet the needs of
its users. This, in turn, reduces the risk that the resulting system will under-deliver, pose
risks to users, result in user harms, or fail.

The HCD process is illustrated in Fig. 6 below.
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Fig. 6. Human-centered Design Process [ISO 9241-210:2019]

As defined in International Organization for Standardization (ISO) standard 9241-210:2019
[248], HCD involves:

* an explicit understanding of users, tasks and environments—the context of use;

the involvement of users throughout design and development;

a design driven and refined by human-centered evaluation;

* an iterative process whereby a prototype is designed, tested and modified;

addressing the whole user experience;

a design team including multidisciplinary skills and perspectives.

Based on the ISO standard, a HCD methodology for the development of Al systems could
iteratively comprise the following, as shown in Fig. 7:

* Defining the Context of Use, including operational environment, user characteristics,
tasks, and social environment;
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* Determining the User & Organizational Requirements, including business require-
ments, user requirements, and technical requirements;

* Developing the Design Solution, including the system design, user interface, and
training materials; and

* Conducting the Evaluation, including usability and conformance testing.

Although all components of HCD are critical, the context of use has key socio-technical
considerations for Al systems. The socio-technical dynamics and conditions under which
an Al system is used must be considered at the front end of any project to ensure that
the design of the system will meet the needs of users, the objectives of the organization,
and larger societal needs once the system is implemented in a real-world environment.

A deep understanding of contextual fac-
tors is important throughout the Al life-
cycle. Context of use does not simply
Conﬁi’g‘ o involve the users’ context of use, it in-
volves a much broader view of context:
the organizational environment in which
the Al system is being developed (in-

L USERS 8?g£,§i‘zaﬁona| cluding existing systems and products);

Requirements  the gperational environment in which the
system will be used; and the larger so-
cietal environment in which the system
will be implemented. For example, some

JDesign intended users of Al systems may not
have consistent or reliable access to fun-
damental internet technologies (a phe-
nomenon widely described as the “digital
divide” [249, 250]), leading to biases in
how different communities access a sys-
tem. Similarly, those with disabilities may experience difficulties interacting with Al sys-
tems. Crucially, such difficulties often cannot be mitigated by mathematical or software
de-biasing approaches, and failure to address these important design issues may pose legal
risks, for example in employment related activities affecting persons with disabilities.!8

Fig. 7. Human-centered Design Process for Al
Systems

8Congress has recognized that objects, systems, and processes often are not designed with individuals with
disabilities in mind. By ensuring that these protections apply at the individual rather than group level,
Congress further recognized that the means of placing an individual with disabilities on equal footing
with others may require an individualized solution—one person with a disability may require a reasonable
accommodation, and a different individual with a disability may require a different accommodation or no
accommodation at all. Some disabilities are so heterogeneous that even two individuals with the same
disability may need different accommodations. In the employment context, an algorithm may screen out a
particular individual, and therefore may violate the Americans with Disabilities Act, regardless of whether
broadly defined groups of individuals with disabilities tend to be assessed highly by a given algorithm.
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A growing number of researchers have pointed out the benefits of socio-technical ap-
proaches. For example, Ferrer et al [251] note: “This challenge could be addressed through
a socio-technical approach which can consider both the technical dimensions and the com-
plex social contexts in which these systems are deployed. Building public confidence and
greater democratic participation in Al systems requires ongoing development of not just
explainable Al but of better Human-Al interaction methods and socio-technical platforms,
tools and public engagement to increase critical public understanding and agency.”

Research to integrate HCD with the standard design, development, evaluation, and de-
ployment processes of today’s Al systems is relatively recent. In their chapter on HCD of
Al in the Handbook of Human Factors and Ergonomics, Margetis et al state that “A core
concept of HCD is that of actively involving end-users and appropriate stakeholders in the
process. In the context of Al, this means placing humans in the loop, not only through
meaningful human control [252], but also through their active participation in the prepa-
ration, learning, and decision-making phases of Al [253].” Human-centered Al (HCAI) is
an emerging area of scholarship that reconceptualizes HCD in the context of Al, providing
human-centered Al design metaphors and suggested governance structures to develop reli-
able, safe, and trustworthy Al systems [254]. Schneiderman envisages HCAI as "’bridg[ing]
the gap between ethics and practice with specific recommendations for making successful
technologies that augment, amplify, empower, and enhance humans rather than replace
them. This shift in thinking could lead to a safer, more understandable, and more manage-
able future. An HCAI approach will reduce the prospects for out-of-control technologies,
calm fears of robot-driven unemployment, and diminish the threats to privacy and security.
A human-centered future will also support human values, respect human dignity, and raise
appreciation for the human capacities that bring creative discoveries and inventions.”

3.4 How do we manage and provide oversight? Governance and Al Bias

Governance processes impact nearly every aspect of managing Al bias. For that reason, it
is essential to view governance as a holistic implementation tier, socio-technical in nature,
and informing each phase of the bias management process. It is also important to note that
governance does not simply focus on technical artifacts, such as Al systems alone, but also
on organizational processes and cultural competencies that directly impact the individuals
involved in training, deploying and monitoring such systems. While there are a number
of components to effective governance for managing bias in Al systems, we focus here on
organizational measures and culture.

3.4.1 Governance Guidance

Monitoring

Al systems may perform differently than expected once deployed, which can lead to dif-
ferential treatment of individuals from different groups. A key measure to control this risk
is to deploy additional systems that monitor for potential bias issues, which can alert the
proper personnel when potential problems are detected. Without such monitoring in place,
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it can be difficult to know if deployed system performance in the real world matches up
to the measurements conducted in a laboratory environment, or whether newly collected
data match the distribution of the training data. A key consideration for the success of live
monitoring for bias is the collection of data from the active user population, especially data
related to user demographics such as age and gender, to enable calculation of assessment
measures. These type of data can have a variety of privacy implications and may be subject
to legal restrictions on what types of data can be collected and under what conditions.

Recourse Channels

Availability of feedback channels allow system end users to flag incorrect or potentially
harmful results, and seek recourse for errors or harms. A number of legal frameworks pri-
oritize the ability of users to appeal and override unfavorable decisions, and are applied in
a subset of algorithmic systems deployed in areas like consumer finance. Because appeal
and override recourse often requires a logical description of the questionable ML deci-
sion, these processes are tightly connected to Al system explainability and interpretability.
Though not without criticism [255], adverse action notices for negative consumer credit
decisions, as mandated by the Equal Credit Opportunity Act and the Fair Credit Reporting
Act, are an example of an explanation and appeal process!°[256]. Additional appeal and
override processes could include options for customers to interact with a human instead of
an Al system or options to avoid similar Al-generated content in the future. Embedding
such processes and technologies into Al systems allows users to appeal wrong decisions
(or even suggestions) while also empowering technology development teams to remediate
potential incidents at or near their inception point.

Policies and Procedures

In the context of Al systems, ensuring that written policies and procedures address key
roles, responsibilities, and processes at all stages of the Al model lifecycle is critical to
managing and detecting potential overall issues of Al system performance.?’ Policies and
procedures can enable consistent development and testing practices, which in turn can help
to ensure that results from Al systems are repeatable and that related risks are consistently
mapped, measured and managed. Without such policies, the management of Al bias can
easily become subjective and inconsistent across organizations, which can exacerbate risks
over time rather than minimize them—if, for example, irreconcilably different metrics are
used across systems. Policies may:

* define the key terms and concepts related to Al systems and the scope of their in-
tended impact;

* address the use of sensitive or otherwise potentially risky data;

198¢e 15 U.S.C., § 1691(d).
20Bd. Governors Fed. Rsrv. Sys., Supervisory Guidance on Model Risk Management, SR Letter 11-7 (Apr.
4,2011).
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* detail standards for experimental design, data quality, and model training;

* outline how the risks of bias should be mapped and measured, and according to what
standards;

* detail processes for model testing and validation;

* detail the process of review by legal or risk functions;

* set forth the periodicity and depth of ongoing auditing and review;
* outline requirements for change management; and

* detail any plans related to incident response for such systems, in the event that any
significant risks do materialize during deployment.

Documentation

Clear documentation practices can help to systematically implement policies and proce-
dures, standardizing how an organization’s bias management processes are implemented
and recorded at each stage. Standardized documentation can, in turn, help to ensure ac-
countability, as described in further detail below. Model documents should contain in-
terpretable descriptions of system mechanisms, enabling oversight personnel to make in-
formed, risk-based decisions about the system’s potential to perpetuate bias. Documen-
tation also serves as a single repository for important information, supporting not only
internal oversight of Al systems and related business processes, but also enhancing system
maintenance, and serving as a valuable resource for any necessary corrective or debugging
activities.”!

Model documentation is especially important in the context of accountability. The
use of documentation templates with specific requirements enables practitioners to walk
through workflows as they are prescribed in written policies and procedures, or by other
best practices. Omission of key documentation elements can indicate a lack of adherence
to written policies and procedures on the part of system developers or testers. Some model
documentation templates also include contact information for developers and stakeholders
[241, 242]. The act of adding contact information to a document describing a work product
can enable more efficient oversight and communications. This type of practice should also
lead to greater concern and responsibility for the quality of the product, which in turn, can
impact bias management efforts within an organization.

21Off. Comptroller Currency, Comptroller’s Handbook: Model Risk Management (Aug. 2021), https://ww
w.occ.gov/publications-and-resources/publications/comptrollers-handbook/files/model-risk-management
/index-model-risk-management.html.
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Accountability

Accountability plays a critical role in governance efforts [257]. Governance without ac-
countability is, in practice, unlikely to be effective. Ensuring that a specific team, and
often, a specific individual — such as a Chief Model Risk Officer, as is now common in
large consumer finance organizations — is responsible for bias management in Al systems
is a fundamental accountability mechanism.?> Ensuring individuals or teams bear respon-
sibility for risks and associated harms provides a direct incentive for their mitigation. Put
simply, when someone’s boss is accountable for bias issues, they too are accountable for
bias issues—and this phenomenon promulgates down to front-line practitioners. Account-
ability for Al bias cannot lie on the shoulders of a single individual, which is why account-
ability mandates should also be embedded within and across the various teams involved in
the training and deployment of Al systems. Existing technical and procedural frameworks
for accountability related to Al include general governance procedures, and application of
system monitoring, data quality measures, computer security countermeasures, and nondis-
crimination mechanisms, among others [258, 259].

Fundamentally, accountability requires a clear assessment of the role of the Al system
itself. For example, decision-support systems, which may be claimed not to result in direct
decision-making and therefore pose less risks, can easily become overly relied upon by
users, or misused or abused. In these cases, the Al system would generate similar harms as
if it were engaging in decision-making directly. Model or algorithmic audits [260] can be
used to assess and document such crucial accountability considerations. There are several
notions of audits commonly discussed in the responsible and trustworthy AI communities.
Audit may refer to a traditional internal audit function employed to track issues of model
risk, as in traditional model governance. Audit may refer to a structured and principled
application of lessons learned in financial audit practices to Al systems [261]. Alternatively,
audit may refer to some general documentation and transparency approach. Audits can be
an effective accountability, bias, and general risk mitigation mechanism. Indeed, laws
are being passed that demand bias audits of Al-based systems used in employment [262].
However, audits currently exist in a wide range of forms with varying levels of quality and
consensus [263]. Audits will be addressed in future NIST documents related to the Al risk
management framework.

Culture & Practice

For Al governance to be effective, it needs to be embedded throughout the culture of an
organization. While organizational culture and practice can be defined in a variety of ways,
the central theme of most such definitions emphasize beliefs, norms and values - or, in other
words, the behavior an organization prioritizes in practice, even if such behavior is not
codified or written down [264]. Risk management culture and practices can be a powerful
technique for identifying biases across the Al lifecycle and from a socio-technical system
perspective.

22Bd. Governors Fed. Rsrv. Sys., supra note 20.
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Effective challenge The principal of effective challenge is a central component of
model risk management frameworks. This practice is heavily relied on by the financial
sector to mitigate algorithmic risk, and mandates that important model design and im-
plementation decisions be questioned by experts with the authority and stature to make
changes in design and implementation.?? Fostering a culture of effective challenge encour-
ages actively challenging and questioning steps in the development of Al systems, and can
help to raise issues of Al bias before they materialize in deployed systems. An organiza-
tional culture that encourages serious questioning of Al system designs will be more likely
to identify problems before they turn into harmful incidents. Relatedly, while individuals
who are part of the development of Al systems may be knowledgeable about the potential
harmful impacts of the technology they build, impact assessments should not be exclu-
sively developed by these teams due to increased likelihood of confirmation bias and other
incentives that may cause conflicts of interest.

Three lines of defense Because culture can be difficult to map or measure directly,
one way to encourage this approach is to incentivize critical thinking and review at an or-
ganizational and procedural level. Model risk management frameworks, for example, are
often systematically implemented through the so-called “three lines of defense,” which
creates separate teams that are held accountable for different aspects of the model lifecy-
cle. Typically, the first line of defense focuses on model development, the second on risk
management, and the third on auditing.?* While a traditional three-lines approach may
be impractical for smaller organizations, ensuring that a culture of effective challenge is
encouraged and sustained can help organizations to anticipate, and therefore to effectively
mitigate, risks of bias before they materialize.

Risk Mitigation, Risk Tiering & Incentive Structures

Some applications of AI are high-risk.”> A central cultural component of effective risk
management for Al bias lies in a clear acknowledgment that risk mitigation, rather than
risk avoidance, is often the most effective factor in managing such risks.”® Developing
a risk mitigation mindset, meaning a clear acceptance that incidents can and will occur,
and emphasizing practical detection and mitigation once they do, can help ensure that any
risks of bias are quickly mitigated in practice. This acknowledgement enables a clear triag-
ing of risks which can enable organizations to focus finite resources on the risks of bias
that are most material, and therefore most likely to cause real-world harm. An additional
component of effective organizational culture includes aligning pay and promotion incen-
tives across teams to Al risk mitigation efforts, such that participants in the risk mitigation

Bld.

240Off. Superintendent Fin. Inst. Canada, Enterprise-Wide Model Risk Management for Deposit-Taking
Institutions, E-23 (Sept. 2017).

23Eur. Comm’n, Regulation of the European Parliament and of the Council Laying Down Harmonised Rules
on Artificial Intelligence (Artificial Intelligence Act) and Amending Certain Union Legislative Acts (pro-
posed Apr. 21, 2021), https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=CELEX%3A52021PC0206.

26Bd. Governors Fed. Rsrv. Sys., supra note 20
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mechanisms—Iike the three lines of defense—are truly motivated to use sound develop-
ment approaches, test rigorously and audit thoroughly.?’

Information Sharing

As described in a NIST special publication [265], sharing cyber threat information helps
organizations improve both their own security postures, and those of other organizations.
Identifying internal mechanisms for teams to share information about bias incidents or
other harmful impacts from Al helps to elevate the importance of Al risks and provides
information for teams to avoid past failed designs. Some initial efforts are already under-
way [266]. As teams begin to create norms for tracking such incidents, it can potentially
transform Al practices and the organizational culture. Improving awareness of how bias
presents in deployed Al and its related impacts can enhance knowledge and capabilities,
and prevent incidents. Fostering a culture of information sharing can also serve as a new
area for community engagement.

4. Conclusions

This document has provided a broad overview of the complex challenge of addressing and
managing risks associated with Al bias. It is clear that developing detailed technical guid-
ance to address this challenging area will take time and input from diverse stakeholders,
within and beyond those groups who design, develop, and deploy Al applications, and in-
cluding members of communities that may be impacted by the deployment of Al systems.

Since Al is neither built nor deployed in a vacuum, we approach Al as a socio-technical
system, acknowledging that Al systems and associated bias extend beyond the computa-
tional level. Bias can be introduced purposefully or inadvertently, or it can emerge as the Al
system is used, impacting society at large through perpetuating and amplifying biased and
discriminatory outcomes. Adopting a socio-technical perspective brings new requirements,
many of which are contextual in nature, to the processes that comprise the Al lifecycle. It is
important to gain understanding in how computational and statistical factors interact with
systemic and human biases.

NIST has provided an initial socio-technical framing for Al bias in this document, in-
cluding key context and terminology, highlights of the main challenges, and foundational
directions for future guidance. This information is classified and discussed through the
document according to three key areas:

1. dataset availability, representativeness, and suitability in socio-technical contexts;
2. TEVYV considerations for measurement and metrics to support testing and evaluation;

3. human factors, including societal and historic biases within individuals and organiza-
tions, participatory approaches such as human-centered design, and human—in—the—
loop practices.

274,
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Identifying the key requirements for improving our knowledge in this area is a neces-
sary first step. To ensure broad input, engagement, and consensus, NIST will carry out
supporting standards development activities such as workshops and public comment peri-
ods for draft documents.

NIST intends to develop further consensus socio-technical guidance in collaboration
with the research community and a broad set of other stakeholders, including those who
are directly impacted by Al bias. The intent is for this guidance to be of specific assistance
for organizations who commission, design, develop, deploy, use, or evaluate Al for a variety
of use cases. By providing these entities with clear, explicit, and technically valid guidance
NIST intends to improve the state of practice for Al bias and assure system trustworthiness.
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5. Glossary

activity bias A type of selection bias that occurs when systems/platforms get their training
data from their most active users, rather than those less active (or inactive) [131]. 8

aleatoric uncertainty Aleatoric uncertainty, also known as statistical uncertainty, refers
to unknowns that differ each time we run the same experiment. It refers to the vari-
ability in the outcome of an experiment which is due to inherently random effects.
For example, in machine learning context, the data-generating process may have a
stochastic component that cannot be reduced by any additional source of information.
Consequently, even the best model trained on this data will not be able to provide a
definite answer. 9, 20, 21

amplification bias Arises when the distribution over prediction outputs is skewed in com-
parison to the prior distribution of the prediction target [267]. 8

anchoring bias A cognitive bias, the influence of a particular reference point or anchor
on people’s decisions. Often more fully referred to as anchoring-and-adjustment,
or anchoring-and-adjusting: after an anchor is set, people adjust insufficiently from
that anchor point to arrive at a final answer. Decision makers are biased towards an
initially presented value [79]. 8, 9

annotator reporting bias When users rely on automation as a heuristic replacement for
their own information seeking and processing [268]. A form of individual bias but
often discussed as a group bias, or the larger effects on natural language processing
models. 8

automation complacency When humans over-rely on automated systems or have their
skills attenuated by such over-reliance (e.g., spelling and autocorrect or spellcheck-
ers). 8

availability heuristic Also referred to as availability bias. A mental shortcut whereby
people tend to overweight what comes easily or quickly to mind, meaning that what
is easier to recall—e.g., more “available”—receives greater emphasis in judgement
and decision-making. 8

behavioral bias Systematic distortions in user behavior across platforms or contexts, or
across users represented in different datasets [144, 269]. 8

cognitive bias A broad term referring generally to a systematic pattern of deviation from
rational judgement and decision-making. A large variety of cognitive biases have
been identified over many decades of research in judgement and decision-making,
some of which are adaptive mental shortcuts known as heuristics. 8
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concept drift Use of a system outside the planned domain of application, and a common
cause of performance gaps between laboratory settings and the real world. 8

confirmation bias also called confirmatory bias, a cognitive bias where people tend to
prefer information that aligns with, or confirms, their existing beliefs. People can ex-
hibit confirmation bias in the search for, interpretation of, and recall of information.
In the famous Wason selection task experiments, participants repeatedly showed a
preference for confirmation over falsification. They were tasked with identifying an
underlying rule that applied to number triples they were shown, and they overwhelm-
ingly tested triples that confirmed rather than falsified their hypothesized rule [270].
8,9,27

construct validity A form of validation that seeks to answer whether a test measures what
it intends to measure. [271]. 15

consumer bias Arises when an algorithm or platform provides users with a new venue
within which to express their biases, and may occur from either side, or party, in a
digital interaction [272]. 8

content production bias Arises from structural, lexical, semantic, and syntactic differ-
ences in the contents generated by users [144]. 8

data dredging A statistical bias in which testing huge numbers of hypotheses of a dataset
may appear to yield statistical significance even when the results are statistically
nonsignificant. 8, 27

data generation bias Arises from the addition of synthetic or redundant data samples to a
dataset [273]. 8

deployment bias Arises when systems are used as decision aids for humans, since the
human intermediary may act on predictions in ways that are typically not modeled in
the system [90]. However, it is still individuals using the deployed system. 8, 26

detection bias Systematic differences between groups in how outcomes are determined
and may cause an over- or underestimation of the size of the effect [274]. 8

Dunning-Kruger effect A cognitive bias, the tendency of people with low ability in a
given area or task to overestimate their self-assessed ability. Typically measured
by comparing self-assessment with objective performance, often called subjective
ability and objective ability, respectively [275]. 8, 26

ecological fallacy Occurs when an inference is made about an individual based on their
membership within a group. 8, 23

emergent bias Use of a system outside the planned domain of application, and a common
cause of performance gaps between laboratory settings and the real world. 8
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epistemic uncertainty An epistemic uncertainty, also known as systematic uncertainty,
refers to deficiencies by a lack of knowledge or information. This may be because the
methodology on which a model is built neglects certain effects or because particular
data have been deliberately hidden. 9, 20-22

error propagation Arises when applications that are built with machine learning are used
to generate inputs for other machine learning algorithms. If the output is biased in
any way, this bias may be inherited by systems using the output as input to learn
other models [82]. 8

evaluation bias Arises when the testing or external benchmark populations do not equally
represent the various parts of the user population or from the use of performance
metrics that are not appropriate for the way in which the model will be used [90]. 8

exclusion bias When specific groups of user populations are excluded from testing and
subsequent analyses [276]. 8

feedback loop bias Effects that may occur when an algorithm learns from user behavior
and feeds that behavior back into the model [272]. 8

funding bias Arises when biased results are reported in order to support or satisfy the
funding agency or financial supporter of the research study [85], but it can also be
the individual researcher. 8

governance a framework of policies, rules, and processes for ensuring direction, manage-
ment and accountability. ii

groupthink A psychological phenomenon that occurs when people in a group tend to
make non-optimal decisions based on their desire to conform to the group, or fear of
dissenting with the group. In groupthink, individuals often refrain from expressing
their personal disagreement with the group, hesitating to voice opinions that do not
align with the group. 8

heuristics in the context of human decision making, often referred to as “mental short-
cuts,” a term that encompasses many methods that may be less than fully rational or
optimal, yet are often sufficient for an approximate solution. Although heuristics can
reduce cognitive load and aid people when making decisions, such heuristics also
result in systematic errors and cognitive biases [79]. 34

historical bias referring to the long-standing biases encoded in society over time. Related
to, but distinct from, biases in historical description, or the interpretation, analysis,
and explanation of history. A common example of historical bias is the tendency to
view the larger world from a Western or European view. 8
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human reporting bias When users rely on automation as a heuristic replacement for their
own information seeking and processing [268]. 8

implicit bias An unconscious belief, attitude, feeling, association, or stereotype that can
affect the way in which humans process information, make decisions, and take ac-
tions. 8

inherited bias Arises when applications that are built with machine learning are used to
generate inputs for other machine learning algorithms. If the output is biased in any
way, this bias may be inherited by systems using the output as input to learn other
models [82]. 8

institutional bias In contrast to biases exhibited at the level of individual persons, insti-
tutional bias refers to a tendency exhibited at the level of entire institutions, where
practices or norms result in the favoring or disadvantaging of certain social groups.
Common examples include institutional racism and institutional sexism [91]. 8

interpretation bias A form of information processing bias that can occur when users in-
terpret algorithmic outputs according to their internalized biases and views [272].
8

language model A computational model that has been trained using statistical methods to
find patterns in written and/or spoken language, in order to predict or classify words,
text, or speech. 21

linking bias Arises when network attributes obtained from user connections, activities, or
interactions differ and misrepresent the true behavior of the users [144]. 8

loss of situational awareness bias When automation leads to humans being unaware of
their situation such that, when control of a system is given back to them in a situation
where humans and machines cooperate, they are unprepared to assume their duties.
This can be a loss of awareness over what automation is and isn’t taking care of. 8

McNamara fallacy The belief that quantitative information is more valuable than other
information. 12

measurement bias Arises when features and labels are proxies for desired quantities, po-
tentially leaving out important factors or introducing group or input-dependent noise
that leads to differential performance [90]. 8

mode confusion bias When modal interfaces confuse human operators, who misunder-
stand which mode the system is using, taking actions which are correct for a differ-
ent mode but incorrect for their current situation. This is the cause of many deadly
accidents, but also a source of confusion in everyday life. 8
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model A conceptual, mathematical, or physical representation of phenomenon observed
in a system of ideas, events, or processes. In computationally-based models used in
Al phenomenon are often abstracted for mathematical representation, which means
that characteristics that can not be represented mathematically may not be captured
in the model. 1, v

model selection bias The bias introduced while using the data to select a single seemingly
“best” model from a large set of models employing many predictor variables. Model
selection bias also occurs when an explanatory variable has a weak relationship with
the response variable [277]. 8

popularity bias A form of selection bias that occurs when items that are more popular are
more exposed and less popular items are under-represented [130]. 8

population bias Systematic distortions in demographics or other user characteristics be-
tween a population of users represented in a dataset or on a platform and some target
population [144]. 8

presentation bias Biases arising from how information is presented on the Web, via a
user interface, due to rating or ranking of output, or through users’ own self-selected,
biased interaction [131]. 8

proxy A variable that can stand in for another, usually not directly observable or measur-
able, variable. 20

ranking bias A form of anchoring bias. The idea that top-ranked results are the most
relevant and important and will result in more clicks than other results [131, 278]. 8

Rashomon effect or principle Refers to differences in perspective, memory and recall,
interpretation, and reporting on the same event from multiple persons or witnesses.
8

representation bias Arises due to non-random sampling of subgroups, causing trends es-

timated for one population to not be generalizable to data collected from a new pop-
ulation [85]. 8

selective adherence Decision-makers’ inclination to selectively adopt algorithmic advice
when it matches their pre-existing beliefs and stereotypes [215]. 8

Simpson’s Paradox A statistical phenomenon where the marginal association between
two categorical variables is qualitatively different from the partial association be-
tween the same two variables after controlling for one or more other variables. For
example, the statistical association or correlation that has been detected between two
variables for an entire population disappears or reverses when the population is di-
vided into subgroups. 8, 17
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societal bias often referred to as social bias. Can be positive or negative, and take a num-
ber of different forms, but is typically characterized as being for or against groups
or individuals based on social identities, demographic factors, or immutable physical
characteristics. Societal or social biases are often stereotypes. Common examples
of societal or social biases are based on concepts like race, ethnicity, gender, sexual
orientation, socioeconomic status, education, and more. Societal bias is often recog-

nized and discussed in the context of NLP (Natural Language Processing) models.
8

socio-technical A term used to describe how humans interact with technology within the
broader societal context. ii

streetlight effect A bias whereby people tend to search only where it is easiest to look [279].
8

sunk cost fallacy A human tendency where people opt to continue with an endeavor or
behavior due to previously spent or invested resources, such as money, time, and
effort, regardless of whether costs outweigh benefits. For example, in Al, the sunk
cost fallacy could lead development teams and organizations to feel that because they
have already invested so much time and money into a particular Al application, they
must pursue it to market rather than deciding to end the effort, even in the face of
significant technical debt and/or ethical debt. 8

survivorship bias tendency for people to focus on the items, observations, or people that
“survive” or make it past a selection process, while overlooking those that did not. 8

technochauvinism The belief that technology is always the solution [35]. 12

temporal bias Bias that arises from differences in populations and behaviors over time [144,
280]. 8

uncertainty bias Arises when predictive algorithms favor groups that are better repre-
sented in the training data, since there will be less uncertainty associated with those
predictions [281]. 8

user interaction bias Arises when a user imposes their own self-selected biases and be-
havior during interaction with data, output, results, etc [131]. 8
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BUDGET INFORMATION

KEDNY’s Estimated Outreach & Education Budget for January — December:

Provide a budget breakdown of the FY'XX Estimated Budget for Outreach and Education
Expenditures. Please make it clear whether your winter budget is part of your overall budget.
Spending details should be included in the topic-specific pages found in Section 4.

Breakdown by Categories: note-breakdown can be modified to reflect the Utility’s unique budget
tracking categories.

[Insert Program Name].......ccccvveieiiiiiiiieiieiiinrrennenes $

Bill Inserts

Print materials

Brochures/Flyers

Direct Mail

Educational Videos

Email

Social media

Media advertisement

Newsletters

Web and digital media

Outbound Heap calls

Administration of Care

B P A B NH| | B &h| N B &NH| &N B

Share and Neighborhood
Heating

Other (indicate each $
category on a separate
timeline)




Cases 24-E-0322, et al. Exhibit (SCSP-5)
Page 2 of 6

BUDGET INFORMATION

KEDLI’s Estimated Outreach & Education Budget for January — December:

Provide a budget breakdown of the FY'XX Estimated Budget for Outreach and Education
Expenditures. Please make it clear whether your winter budget is part of your overall budget.
Spending details should be included in the topic-specific pages found in Section 4.

Breakdown by Categories: note-breakdown can be modified to reflect the Utility’s unique budget
tracking categories.

[Insert Program Name].......c.cccveeieiiiieiniinineiiinrrennenes $

Bill Inserts

Print materials

Brochures/Flyers

Direct Mail

Educational Videos

Email

Social media

Media advertisement

Newsletters

Web and digital media

Outbound Heap calls

Administration of Care

| P A B NP A B &h| AN B &NH| &N LB

Share and Neighborhood
Heating

Other (indicate each $
category on a separate
timeline)
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BUDGET INFORMATION

NMPC'’s Estimated Outreach & Education Budget for January — December:

Provide a budget breakdown of the FY'XX Estimated Budget for Outreach and Education
Expenditures. Please make it clear whether your winter budget is part of your overall budget.
Spending details should be included in the topic-specific pages found in Section 4.

Total ... $
Electric: Total......cccccciiiiiciiiiiieeeeerie e sannnas $
Gas: B o) | $

Breakdown by Categories: note-breakdown can be modified to reflect the Utility’s unique budget
tracking categories.

[Insert Program Name].........ccooeuimmuiimiieiecee e e eeeeeeeee $
Electric Gas

Bill Inserts $ $
Print materials $ $
Brochures/Flyers $ $
Direct Mail $ $
Educational Videos $ $
Email $ $
Social media $ $
Media advertisement $ $
Newsletters $ $
Web and digital media $ $
Outbound Heap calls $ $
Administration of Care $ $
Share and Neighborhood $ $
Heating
Other (indicate each $ $
category on a separate
timeline)
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BUDGET INFORMATION

KEDNY’s Planned and Actual Outreach & Education Expenditures for January -
December XXXX:

Provide Outreach and Education expenditures for the previous year. Indicate the total proposed

budget for XXXX and the total and actual expenditures. Each category table should include
actual (not proposed) spending by outreach method/tool for the year.

[Insert Program Name]

Breakdown by Categories:

Planned Spent
1o ) - 1 S $
Gas B e ) - | $

Gas Gas
Planned Spent

Bill Inserts

Print materials

Brochures/Flyers

Direct Mail

Educational Videos

Email

Social media

Media advertisement

Newsletters

Web and digital media

Outbound Heap calls

Administration of Care

| P P P N | H| | h| h| N N
@h| h| N N N N B H H H

Share and Neighborhood
Heating

Other (indicate each $ $
category on a separate
timeline)
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BUDGET INFORMATION

KEDLI’s Planned and Actual Outreach & Education Expenditures for January — December
XXXX:

Provide Outreach and Education expenditures for the previous year. Indicate the total proposed

budget for XXXX and the total and actual expenditures. Each category table should include
actual (not proposed) spending by outreach method/tool for the year.

[Insert Program Name]

Breakdown by Categories:

Planned Spent
Total ... $
Gas B ) - $

Gas Gas
Planned Spent

Bill Inserts

Print materials

Brochures/Flyers

Direct Mail

Educational Videos

Email

Social media

Media advertisement

Newsletters

Web and digital media

Outbound Heap calls

Administration of Care

P P P H| h| P N Nn H| H| N N
@h A A H| h| N A N H | N

Share and Neighborhood
Heating

Other (indicate each $ $
category on a separate
timeline)
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BUDGET INFORMATION

NMPC’s Actual Outreach & Education Expenditures for January — December XXXX:
Provide Outreach and Education expenditures for the previous year. Indicate the total proposed

budget for XXXX and the total actual expenditures. Each category table should include actual
(not proposed) spending by outreach method/tool for the year.

[Insert Program Name]

Breakdown by Categories:

Planned Spent

Gas: B ) | $ $

Electric Electric Gas Gas
Planned Spent Planned Spent

Bill Inserts $ $

Print materials

Brochures/Flyers

Direct Mail

Educational Videos

Email

Social media

Media advertisement

Newsletters

Web and digital media

Outbound Heap calls

Administration of Care

N A N &h| N N H h| N H H
A A | NP &N N H | N Hn
P N H| | N N n Hh N N H H
| AH h| N N N B | N Hn | h

Share and Neighborhood
Heating

Other (indicate each $ $ $ $
category on a separate
timeline)
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