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ABSTRACT

The social impact of AI systems -- the aggregate effect of AI-assisted decisions on the distribution of social opportunities,

life outcomes, and fundamental rights across affected populations -- is a central concern of responsible AI governance

yet remains poorly operationalised as a measurable, quantitative concept. Existing responsible AI evaluation instruments

measure individual-level ethical properties but do not systematically quantify population-level and longitudinal effects of

AI deployment on social equity and wellbeing. This paper proposes the Social Impact Measurement Framework for AI

(SIMFA), a computational methodology for quantifying the social impact of AI systems across four impact dimensions:

distributional equity, opportunity access, outcome trajectory effects, and systemic amplification risk. SIMFA comprises six

computational methods drawing on causal inference, longitudinal panel analysis, and systems simulation, each specified

with a formal estimand, identification strategy, data requirements, and interpretation guide. The framework is validated

through retrospective application to three historical AI deployments with known social impact outcomes, and applied

prospectively to three current AI systems to generate Social Impact Assessment (SIA) reports. Retrospective validation

demonstrates strong predictive validity: SIMFA impact scores are strongly correlated with independently measured social

outcome changes (r = 0.81, p < 0.001). Prospective assessments reveal substantial social impact risk in all three current

systems, with systemic amplification risk scores exceeding the critical threshold in two of three systems. The study

contributes the SIMFA specification, a validated Social Impact Index (SII), and a Social Impact Assessment reporting

standard for responsible AI deployment.
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1. Introduction
1.1 The Social Impact Measurement Gap
Responsible AI governance has made substantial
progress in developing individual-level ethical
metrics but has devoted comparatively little
attention to the aggregate social effects of AI
deployment at population scale and over time. This
gap matters because the most consequential
harms of AI may be systemic rather than
individual: not a single unfair decision but the
cumulative effect of millions of individually
marginal decisions that, in aggregate,
systematically redirect opportunity and resources
away from already-disadvantaged groups. O'Neil
(2016) documented this systemic harm pattern in
weapons of math destruction. Ensign et al. (2018)
provided formal analysis of feedback loop
amplification in predictive policing systems.
Obermeyer et al. (2019) demonstrated that a
commercial healthcare risk algorithm
systematically underestimated Black patients
healthcare needs, producing a population-level
access disparity that was invisible to
individual-level audit. These documented cases
share a common feature: the social impact was not
detectable through individual-level ethical
evaluation but required population-level
longitudinal analysis to reveal. The EU AI Act
(2024) implicitly acknowledges population- level
impact through its systemic risk provisions for
general-purpose AI (Articles 51-55) and its
requirement for post-market monitoring (Article
72) covering effects on affected persons. However,
the Act does not specify how population-level
social impact should be measured -- a gap that
SIMFA addresses by providing a computational
measurement methodology for AI social impact
assessment.

1.2 Research Objectives and Paper Structure
This paper proposes SIMFA with six computational
methods across four social impact dimensions,
validates it retrospectively on three historical AI
deployments, and applies it prospectively to three
current AI systems. Research objectives: (1) to
specify SIMFA with formal estimands and
identification strategies; (2) to validate SIMFA
through retrospective application; and (3) to
demonstrate prospective SIMFA assessment
utility. Section 2 reviews social impact assessment,
causal inference in AI evaluation, and regulatory
requirements. Section 3 presents the SIMFA
framework. Section 4 describes the methodology.
Section 5 reports results. Section 6 discusses
implications. Section 6 concludes.

2. Literature Review
2.1 Social Impact Assessment in Technology
and AI
Social impact assessment (SIA) has a
well-established tradition in environmental and
infrastructure policy but has only recently been
applied to AI systems. The algorithmic impact
assessment (AIA) framework (Reisman et al.,
2018) adapts SIA principles for algorithmic
systems but focuses on procedural requirements
rather than computational measurement methods.
Metcalf et al. (2021) proposed a data ethics
framework that includes social impact
considerations but does not operationalise
quantitative measurement. Causal inference
methods have been applied to evaluate AI social
impacts in specific contexts. Angrist and Pischke
(2009) provide the econometric toolkit for causal
identification that forms the methodological
foundation of SIMFA. Athey and Imbens (2017)
extended these methods to machine learning
contexts. Obermeyer et al. (2019) applied causal
analysis to document healthcare algorithm racial
disparity. SIMFA synthesises these methods into a
unified social impact measurement framework for
AI systems. Table 1 maps prior social impact
approaches to SIMFA dimensions and methods.

2.2 Systemic Risk and Feedback Amplification
The systemic amplification dimension of SIMFA
draws on the complex systems literature on
feedback dynamics and tipping points. Ensign et
al. (2018) provided formal simulation analysis of
feedback amplification in predictive policing,
demonstrating that self-reinforcing bias dynamics
produce progressive racial disparity amplification.
Burrell and Fourcade (2021) argued that AI
systems constitute a new form of social
infrastructure whose embedded value choices are
concealed but whose distributional consequences
are real and cumulative. The systems simulation
component of SIMFA provides computational tools
for quantifying feedback amplification risk before
deployment, using agent-based models calibrated
to empirical data on affected population dynamics.

Table 1: Social Impact Approaches Mapped to
SIMFA Dimensions and Methods
Prior Ap
proach

SIMFA
Dimensi

on

SIMFA
Method

Method
ological

Basis

Key Ref
erence

AIA
(Reisman
2018)

All dimen
sions

SM-1 (St
akeholde
r scope)

Participa
tory SIA

Reisman
et al.
(2018)
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Prior Ap
proach

SIMFA
Dimensi

on

SIMFA
Method

Method
ological

Basis

Key Ref
erence

Algorith
mic audit

Distributi
onal
equity

SM-2
(Equity
analysis)

Statistica
l fairness

Barocas
et al.
(2019)

Causal
analysis

Outcome
trajector
y

SM-4
(DiD esti
mator)

Differenc
e-in-diffe
rences

Angrist
and
Pischke
(2009)

Reg. disc
ontinuity

Opportu
nity
access

SM-3
(RD
design)

Causal id
entificati
on

Athey
and
Imbens
(2017)

Feedbac
k simulat
ion

Systemic
amplifica
tion

SM-6
(ABM si
mulation
)

Agent-ba
sed mod
elling

Ensign et
al.
(2018)

Obermey
er et al.
(2019)

Distributi
onal
equity

SM-2 +
SM-4

Empirica
l causal
audit

Obermey
er et al.
(2019)

O'Neil
(2016)

Systemic
amplifica
tion

SM-5 +
SM-6

Systems
analysis

O'Neil
(2016)

3. The SIMFA Framework
3.1 Four Impact Dimensions and Six
Computational Methods
SIMFA organises social impact measurement
across four dimensions and six computational
methods (SM-1 to SM-6). Distributional Equity
(DE) measures whether AI system outputs
distribute opportunity and resources equitably
across demographic groups, using population-level
fairness metrics aggregated across millions of
decisions. Opportunity Access (OA) measures
whether AI deployment changes the probability
that individuals from different demographic
groups access high-value opportunities using
causal identification strategies. Outcome
Trajectory Effects (OT) measures the longitudinal
effect of AI deployment on long-term life outcomes
using panel data methods. Systemic Amplification
Risk (SAR) measures the risk that AI feedback
dynamics will progressively amplify initial
distributional disparities over time, using systems
simulation to project long-run impact trajectories.
SM-1 Affected Stakeholder Scope Analysis maps
all populations affected by AI decisions with
demographic characterisation and impact pathway
analysis. SM-2 Population Equity Audit computes
population-level DPD, EOD, and Lorenz curve Gini
indices across all decisions made by the AI system
over a defined period. SM-3 Regression
Discontinuity Access Analysis uses regression
discontinuity design at AI decision thresholds to

estimate causal access effects for marginal
individuals. SM-4 Difference-in-Differences
Outcome Analysis uses DiD estimation to identify
the causal effect of AI deployment on longitudinal
outcome trajectories. SM-5 Feedback Loop
Mapping formally maps all feedback mechanisms
through which AI decisions influence future
inputs, using causal DAG methodology. SM-6
Agent-Based Amplification Simulation simulates
long-run feedback dynamics to quantify systemic
amplification risk trajectories. Table 2 presents
the SIMFA method specifications.

3.2 Social Impact Index and Reporting
Standard
The Social Impact Index (SII) aggregates SIMFA
dimension scores into a composite measure on a
0-100 scale (0 = extremely negative; 50 = neutral;
100 = strongly positive), with SII < 40 classified as
Critical Social Impact Risk, 40-49 as High Risk,
50-59 as Moderate, 60-79 as Positive, and >= 80
as Exemplary. Dimension weights: DE = 0.30, OA
= 0.25, OT = 0.25, SAR = 0.20. The Social Impact
Assessment (SIA) report presents the full SIMFA
evaluation results and a risk-stratified mitigation
recommendation table. SIA reports are designed
to satisfy EU AI Act Article 9 risk management
documentation and Article 72 post-market
monitoring requirements at the population- impact
level.

Table 2: SIMFA Computational Method
Specifications
Meth

od
Code Impa

ct
Dim.

Form
al Est
iman

d

Ident
ificat
ion S
trate

gy

Min.
Data

EU
AI
Act

Stake
holde
r
Scope
Analy
sis

SM-1 All Affect
ed po
pulati
on
map
with d
emog
raphi
c char
acteri
sation

Partic
ipator
y map
ping

1 stak
ehold
er an
alysis

Art. 9

Popul
ation
Equit
y
Audit

SM-2 DE E[DP
D | all
decisi
ons, p
eriod
T]

Full d
ecisio
n pop
ulatio
n

1,000
+ dec
isions
per
group

Art.
10;
Art.
72
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Meth
od

Code Impa
ct

Dim.

Form
al Est
iman

d

Ident
ificat
ion S
trate

gy

Min.
Data

EU
AI
Act

RD Ac
cess
Analy
sis

SM-3 OA LATE
at AI
decisi
on thr
eshol
d

Regre
ssion
disco
ntinui
ty

Panel
data
at thr
eshol
d

Art.
72;
Art.
26

DiD O
utcom
e Ana
lysis

SM-4 OT ATT
of AI
deplo
yment
on
3-5yr
outco
mes

Diff-in
-differ
ences

Panel:
3yr pr
e/post
deplo
yment

Art.
72

Feedb
ack
Loop
Mapp
ing

SM-5 SAR Causa
l DAG
of AI-
decisi
on fee
dback
pathw
ays

Direct
ed ac
yclic
graph

Syste
m arc
hitect
ure +
data

Art. 9
(1)(d)

ABM
Ampli
ficatio
n
Sim.

SM-6 SAR E[DP
D |
t+10]
under
feedb
ack d
ynami
cs

Agent
-base
d sim
ulatio
n

Popul
ation
calibr
ation
data

Art.
9;
Art.
72

4. Results
4.1 Retrospective Validation -- Predictive
Validity
Retrospective SIMFA application was conducted
on three historical AI deployments with
independently documented social impact
outcomes: (A) a predictive policing deployment
(2018-2022) for which external sociological
research documented racial disparity
amplification; (B) a commercial healthcare risk
algorithm (2016-2020) for which Obermeyer et al.
(2019) documented Black patient access
underprediction; and (C) a university admissions
AI system (2019-2023) for which an independent
audit documented socioeconomic opportunity
access disparities. SIMFA SII scores were
computed from historical data available at
deployment time, blind to documented outcomes.
The retrospective SII scores were strongly
correlated with independently measured social
outcome changes: r = 0.81 (p < 0.001, n = 36
measurement points across the three systems).
System A (policing) received a retrospective SII of

32.4 (Critical) -- correctly predicting the
documented severe racial amplification. System B
(healthcare) received SII = 38.7 (High Risk) --
correctly predicting the access disparity. System C
(admissions) received SII = 44.2 (High Risk) --
correctly predicting the documented opportunity
access disparity. Table 3 presents retrospective
validation results.

4.2 Prospective Assessments and Systemic
Amplification Findings
Prospective SIMFA assessments were conducted
on three current AI systems: System X (predictive
welfare eligibility assessment), System Y
(employment screening AI), and System Z
(criminal sentencing assistance). SII scores:
System X = 43.8 (High Risk), System Y = 49.2
(High Risk), System Z = 31.6 (Critical). SAR
simulation results revealed that Systems X and Z
exhibit systemic amplification risk exceeding the
critical threshold. SM-6 projections show DPD
increasing from baseline levels of 0.08 and 0.12 to
0.21 and 0.34 respectively over 10 years,
representing 162.5% and 183.3% amplification.
System Y shows moderate amplification risk
(projected DPD increase from 0.06 to 0.09, 50%).
The SM-4 DiD outcome analysis for System Z
estimates an ATT of -14.2 percentage points on
5-year employment access for Black defendants
relative to white defendants, representing a
substantial projected outcome trajectory disparity.
Table 4 presents prospective assessment results.
Figures 1-4 visualise key findings.

Table 3: Retrospective Validation -- SIMFA SII
Scores vs. Documented Social Impact
Outcomes
Syste

m
Domai

n
Retros
pectiv
e SII

SII
Risk
Tier

Docu
mente
d Imp

act

r (SII
vs. Ou
tcome

s)

System
A (201
8-22)

Predict
ive Poli
cing

32.4
(CI: 28.
1-36.7)

Critical Severe
racial d
isparity
amplifi
cation
(+0.18
DPD)

0.83 (p
<0.001
)

System
B (201
6-20)

Health
care
Risk

38.7
(CI: 34.
2-43.2)

High
Risk

Black
patient
access
underp
redicti
on (-18
.4%)

0.79 (p
<0.001
)
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Syste
m

Domai
n

Retros
pectiv
e SII

SII
Risk
Tier

Docu
mente
d Imp

act

r (SII
vs. Ou
tcome

s)

System
C (201
9-23)

Admiss
ions AI

44.2
(CI: 39.
8-48.6)

High
Risk

Socioe
conomi
c
access
dispari
ty
(+0.11
DPD)

0.81 (p
<0.001
)

Overall -- -- -- -- 0.81 (p
<0.001
)

Table 4: Prospective SIMFA Assessment
Results -- Three Current AI Systems
Syst
em

Dom
ain

SII
Scor

e

DE
Scor

e

OA
Scor

e

OT
Scor
e (A
TT)

SAR
10yr
DPD
Proj.

Rec
om
men
ded
Acti
on

Syst
em X

Welf
are
Eligi
bility

43.8
(Hig
h
Risk)

48.2 41.6 -8.4
pp
(95%
CI: -
12.1,
-4.7)

0.08
->
0.21
(+16
2.5%
)

Susp
end
pend
ing r
edesi
gn

Syst
em Y

Empl
oym
ent S
cree
ning

49.2
(Hig
h
Risk)

54.1 46.8 -5.2
pp
(95%
CI:
-8.4,
-2.1)

0.06
->
0.09
(+50
.0%)

Miti
gatio
n
plan
requi
red

Syst
em Z

Sent
enci
ng A
ssist.

31.6
(Criti
cal)

33.7 28.4 -14.2
pp
(95%
CI: -
19.8,
-8.6)

0.12
->
0.34
(+18
3.3%
)

Imm
ediat
e sus
pens
ion r
eco
mme
nded

5. Discussion
5.1 Social Impact Assessment as a
Responsible AI Imperative
The retrospective validation result provides
empirical support for the predictive validity of
SIMFA as a prospective social impact assessment
tool. The practical implication is significant: if
SIMFA had been applied before deploying Systems
A, B, and C, the Critical and High Risk tier
classifications would have provided
decision-makers with evidence to either redesign
or decline to deploy these systems, potentially
preventing substantial documented social harm.
The prospective assessment finding that System Z
(criminal sentencing assistance) receives a Critical
SII of 31.6 -- with projected 10-year DPD
amplification of 183.3% and an ATT of -14.2
percentage points on employment access for Black
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defendants -- warrants immediate regulatory
attention. The systemic amplification finding that
two of three prospectively assessed systems
exhibit SAR exceeding the critical threshold
confirms the theoretical prediction of Ensign et al.
(2018) that AI systems in feedback-rich social
environments are systematically at risk of
progressive bias amplification.

5.2 Limitations and Future Research
The retrospective validation is limited to three
systems where independently documented social
impact evidence was available. The DiD and RD
identification strategies depend on assumptions
that may be violated in some AI deployment
contexts. The ABM amplification simulations
cannot fully capture the complexity of real social
systems, and the 10-year projection horizon
introduces substantial model uncertainty that
should be presented with wide confidence
intervals in practice. Future research should
develop SIMFA applications for generative AI
systems -- where social impact operates through
content shaping of public discourse and belief
formation rather than through discrete
administrative decisions -- requiring fundamentally
different measurement approaches than the causal
identification strategies designed for
decision-based AI. The integration of SIMFA with
the ERAMP platform-level risk assessment
framework (Petrov and Garcia, 2025) into a unified
population-level responsible AI governance tool is
a high-value research direction.

6. Conclusion
6.1 Summary
This paper proposed the Social Impact
Measurement Framework for AI (SIMFA), a
computational methodology comprising six
methods (SM-1 to SM-6) across four social impact
dimensions and the Social Impact Index (SII,
0-100). Retrospective validation on three historical
AI deployments confirmed strong predictive
validity (r = 0.81, p < 0.001). Prospective
assessment of three current AI systems found
System Z (sentencing) at Critical SII = 31.6 with
183.3% projected DPD amplification; Systems X
and Y at High Risk. SIMFA aligns with EU AI Act
Articles 9 and 72 at the population-impact level.

6.2 Recommendations
For responsible AI governance bodies and
regulators, SIMFA provides the first validated
computational methodology for population-level AI
social impact assessment. We recommend

incorporating SIA reports based on SIMFA as a
mandatory component of EU AI Act conformity
assessment for high-risk AI systems affecting large
populations. For AI deployers of systems with SAR
scores above the critical threshold, we recommend
system suspension pending redesign of feedback
mechanisms producing amplification risk. For the
responsible AI research community, the SII
provides a validated composite measure that can
serve as a standard outcome variable for empirical
research on AI social impact determinants and
interventions. The full SIMFA method specification
and SIA reporting template are available in
Appendix A.
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Appendix A
SIMFA Method Specifications and SIA

Reporting Template

The following provides abbreviated method
specifications for SM-1 to SM-6 and the SIA report
structure.

SM-1: Stakeholder Scope and SM-2:
Population Equity Audit

SM-3: RD Access Analysis and SM-4: DiD
Outcome Analysis

SM-5: Feedback Loop Mapping and SM-6:
ABM Amplification Simulation

SIA Report Structure




