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ABSTRACT

Traditional Environmental, Social, and Governance (ESG) frameworks
inadequately measure economic empowerment in underserved urban
communities by prioritizing easily quantifiable outputs over structural
transformation. This paper introduces Dynamic Latent Factor Analysis
(DLFA), operationalizing economic sovereignty as a measurable
construct through fthe latent factors: Economic Sovereignty, Social
Resilience, Digital Empowerment, and Community Structural Health.
Using Bayesian estimation and Kalman filtering on simulated
community development data (50 communities, 2015-2023), we
demonstrate that: (1) apparent contradictions in outcome metrics
reflect underlying factor divergence rather than measurement error;
(2) temporal dynamics reveal early warning signals invisible in static
frameworks; and (3) factor interdependencies determine intervention
effectiveness. The framework resolves persistent problems in impact
measurement by distinguishing signal from noise, accounting for
factor interdependencies, and incorporating temporal evolution.
Economic sovereignty - not ESG compliance - should be the central
objective of impact investing in urban communities.

Keywords: Impact investing, economic sovereignty, latent factor
analysis, Bayesian methods, Kalman filtering, community development
finance
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1. INTRODUCTION



Impact investing has grown from $502 billion in assets under
management (AUM) in 2019 to over $1.2 trillion in 2024, yet evidence
of sustained community economic transformation remains elusive. The
field confronts a fundamental measurement crisis: despite
sophisticated ESG frameworks, practitioners cannot reliably
distinguish genuine structural transformation from temporary
improvements or distinguish signal from noise in community
outcomes.

The central problem is structural: ESG frameworks measure
compliance, not empowerment. Traditional metrics capture activity
(units built, loans originated, workshops conducted) rather than
transformation (wealth accumulated, ownership secured, power
redistributed). Annual snapshots obscure temporal dynamics,
independence assumptions fail to account for structural linkages, and
point estimates convey false precision.

This paper argues that measuring impact in urban communities
requires recognizing that economic sovereignty is a latent
(unobservable) construct that manifests through multiple noisy
indicators. We introduce Dynamic Latent Factor Analysis (DLFA),
which treats community economic outcomes as dynamic processes
evolving through time, uses Bayesian inference to quantify
uncertainty, and specifies structural relationships between economic,
social, digital, and institutional factors.

Contribution to Literature

This paper makes three contributions to the impact investing
measurement literature. First, we provide the first formal econometric
framework for operationalizing economic sovereignty as a measurable
construct, synthesizing insights from Black political econothe
(Robinson, 1983; Darity & Mullen, 2020), community development
finance, and digital empowerment scholarship.

Second, we demonstrate that dynamic latent factor modeling resolves
persistent empirical puzzles in impact measurement. Apparent
contradictions in outcome metrics (e.g., rising employment but
stagnant wealth accumulation) reflect underlying factor divergence
rather than measurement failure. Communities showing improved
outcomes across all metrics have aligned factors; those showing
contradictory patterns have divergent factors.

Third, we show that Kalman filtering enables real-time monitoring and
early detection of structural deterioration. Factor scores derived from
the state-space model provide leading indicators 2-3 quarters before
problems manifest in observable outcomes, enabling proactive
intervention.

The remainder of this paper proceeds as follows. Section 2 presents
the theoretical foundations and critiques existing measurement
approaches. Section 3 introduces the DLFA framework conceptually
and formally. Section 4 describes the empirical application. Section 5
presents results. Section 6 discusses implications. Section 7
concludes.

2. THEORETICAL FOUNDATIONS AND
LITERATURE



2.1 Economic Sovereignty: Definition and Theoretical
Grounding

We define Economic Sovereignty as the capacity of a community to:
(1) control wealth-building assets, (2) accumulate intergenerational
wealth, (3) direct capital flows toward community-determined
priorities, (4) resist external extraction and displacement, and (5)
participate in regional economic systems as equals.

This definition synthesizes several intellectual traditions. W.E.B. Du
Bois’s theory of collective economic advancement emphasized that
genuine progress requires community control over productive assets,
not merely individual mobility (Du Bois, 1899; 1940). Cedric
Robinson’s Black Marxism (1983) demonstrated that autonomous
economic structures enable resistance to extraction. Contemporary
community development finance literature (Benjamin & Rubin, 2004)
emphasizes asset-building over service provision. Recent scholarship
on digital economic participation (Benjamin, 2019; Noble, 2018)
extends sovereignty to include platform access and digital
infrastructure.

Economic Sovereignty differs fundamentally from Economic
Activity. A community can show high employment in low-wage service
jobs with no advancement, increasing business formation with no
survival beyond five years, and rising housing values owned by
outside investors displacing residents. These patterns reflect
extraction, not sovereignty.

2.2 The Inadequacy of ESG Frameworks

Traditional ESG frameworks focus on: - Environmental: Carbon
footprint, clean energy adoption - Social: Job creation, board
diversity, stakeholder engagement

- Governance: Board independence, executive compensation

For underserved communities, ESG captures outputs but misses
outcomes: units built (not wealth accumulated), jobs created (not
wage stability), loans originated (not business survival), workshops
conducted (not behavioral change).

Fthe systematic failures characterize ESG measurement:

First, the Activity Trap. ESG measures capital deployment, not
community transformation. Example: “1,000 small business loans
originated, $50M deployed” may reflect 78% business failure within
three years with extractive lending terms.

Second, the Snapshot Fallacy. Annual reports present point-in-time
snapshots obscuring temporal dynamics. A community showing
unemployment decline from 8.5% to 6.2% over five years appears
successful, but if unemployment reached 5.1% in year three before
spiking to 8.9% in year four, the trend is deterioration, not
improvement.

Third, the Independence Myth. ESG treats outcomes
independently. Community A scores: Employment 8/10, Education
3/10, Housing 5/10, average 5.3/10 “moderate impact.” Reality: Low
education undermines employment sustainability, weak housing
destabilizes educational continuity. The community is in a fragile state
where short-term gains will collapse.



Fourth, the Noise Problem. Point estimates convey false precision.
“Net community wealth increased $14.7M” ignores measurement
uncertainty, data quality issues, and sampling error. Policymakers
make decisions based on illusory precision.

2.3 Latent Variable Econometrics and Community
Measurement

Latent variable models have proven powerful in macroeconomics
(Stock & Watson, 2002), finance (Chen et al., 1986), and labor
economics (Heckman & Singer, 1984) but remain underutilized in
community development research. The core insight: many important
constructs are unobservable but manifest through multiple imperfect
indicators.

Dynamic factor models (Geweke & Zhou, 1996; Stock & Watson,
2005) extend latent variable analysis to time series, enabling analysis
of factor evolution. State-space formulations with Kalman filtering
(Harvey, 1989; Durbin & Koopman, 2012) provide optimal factor
estimates given noisy observations and enable real-time monitoring.

Bayesian approaches (Gelman et al., 2013) offer several advantages:
full posterior distributions rather than point estimates, principled
incorporation of prior knowledge, hierarchical modeling of cross-
sectional heterogeneity, and straightforward uncertainty propagation
through forecasts.

2.4 Why Fthe Factors?

The DLFA framework posits fthe latent factors:

Economic Sovereignty (ES): Community control over wealth-
building mechanisms. Manifestations include home ownership,
business ownership, equity accumulation, fair credit access.

Social Resilience (SR): Community institutional strength and human
capital. Manifestations include educational attainment, employment
stability, civic participation, healthcare access.

Digital Empowerment (DE): Community access to and control over
digital infrastructure. Manifestations include broadband access,
digital literacy, platform participation, e-commerce capability.

Community Structural Health (CSH): External systems enabling
community development. Manifestations include banking system
responsiveness, regulatory environment, infrastructure quality, capital
availability.

These factors are theoretically and empirically distinct but
interdependent. ES is the primary objective, but ES without SR is
unsustainable (wealth without capacity collapses), SR without ES
creates middle-class flight (education leads to departure), DE without
ES or SR creates digital extraction (communities generate data wealth
captured externally), and CSH sets the ceiling on achievable
sovereignty.




3. DYNAMIC LATENT FACTOR ANALYSIS
FRAMEWORK

3.1 Conceptual Framework

Community outcomes appear contradictory because we observe
manifestations of unobservable factors. Consider Community X
showing: - Rising employment (v) - Stagnant wages (X) - Increased
business formation (v') - High business failure rates (X) - Improved test
scores (v') - Declining college enrollment (X)

Traditional analysis concludes: “mixed results, unclear pattern.” DLFA
reveals: Social Resilience (SR) is improving (employment up, test
scores up) while Economic Sovereignty (ES) is stagnant (wages flat,
businesses fail, students cannot afford college). The apparent
contradiction resolves: SR improving without ES. The community
builds human capital that cannot be converted into wealth
accumulation.

3.2 Formal Model Specification

Measurement Equation:
y_it = Lambda * f it + epsilon_it (1)

where: -y it in R™p: vector of p observable indicators for community i
at time t - f it in R~k: vector of k=4 latent factors [ES, SR, DE, CSH] -
Lambda in R™ (pxk): factor loadings matrix - epsilon_it ~ N(O,

SIGMA epsilon): measurement error (diagonal covariance)

Factor Structure (Confirmatory):

Each observable indicator loads on one or two factors based on
theoretical specification:

Home ownership = lambda 11 * ES + epsilon 1

Business ownership = lambda 21 * ES + lambda 22 * SR + epsilon 2
Employment rate = lambda 32 * SR + epsilon_3

Wage stability = lambda 41 * ES + lambda 42 * SR + epsilon 4
Education = lambda 52 * SR + epsilon 5

Broadband access = lambda 63 * DE + epsilon 6

Digital literacy = lambda 72 * SR + lambda 73 * DE + epsilon 7
Banking density = lambda 84 * CSH + epsilon 8

CRA score = lambda 91 * ES + lambda 94 * CSH + epsilon 9

State-Space Dynamics:
fit=T*f it-1 + B*u it + zeta_it (2) f i0 ~ N(mu_f, SIGMA f)

where: - T in R™ (kxKk): transition matrix (factor persistence + cross-
effects) - B in R”™(kxm): intervention effectiveness matrix - u_it in
R”m: vector of interventions (capital deployed, policy changes) -
zeta_it ~ N(0O, Q): process noise (shocks, unmeasured influences)

Transition Matrix Structure:
T = [alpha 11 alpha 12 alpha 13 alpha 14] [alpha 21 alpha 22

alpha 23 alpha 24] [alpha 31 alpha 32 alpha 33 alpha 34] [alpha 41
alpha 42 alpha 43 alpha 44]



Diagonal elements (alpha_jj) represent factor persistence. Off-diagonal
elements (alpha jk, j != k) represent cross-factor influences. For
example, alpha 12 > 0 means SR -> ES (resilience builds
sovereignty).

3.3 Kalman Filter Estimation

The Kalman filter provides optimal (minimum mean square error)
estimates of latent factors given noisy observations.

Prediction Step:

f hat i,t|t-1 = T*f hat i,t-1[t-1 + B*w_it (3) P_Lt|t-1 = T* P it-1|t-1 *
T +Q

Update Step:

nu it =y it- Z *f hat it|t-1 (innovation) (4) S it =Z*P it|t-1 *Z’ +
SIGMA epsilon (innovation variance) K it = P i t|t-1 *Z’ * S it~ (-1)
(Kalman gain) f hat i,t|t = f hat it|t-1 + K it * nu_it (updated
estimate) P i,t|t = (I- K it * Z) * P i t|t-1 (updated uncertainty)

The Kalman gain K determines weight given to new data versus prior
belief. High measurement noise -> low K (trust model more), low
measurement noise -> high K (trust data more).

3.4 Bayesian Estimation via MCMC

We estimate the model using Bayesian methods via Markov Chain
Monte Carlo (MCMC) sampling:

Hierarchical Structure:

Level 1 (Observations):
y_it | f it, Lambda, SIGMA epsilon ~ N(Lambda * f it, SIGMA _epsilon)

Level 2 (Latent Factors):
fit|fit1, T Q~N(T*fitl+B*uit Q)
f i0 ~ N(mu_f, SIGMA f)

Level 3 (Hyperparameters):

Lambda ~ N(mu Lambda, SIGMA Lambda)

T ~ N(mu_T, SIGMA T)

SIGMA epsilon™(-1) ~ Wishart(nu_epsilon, S_epsilon)
Q7™ (-1) ~ Wishart(nu q, S q)

MCMC Algorithm (Gibbs Sampling):

1. Initialize parameters
2. Foriterationm =1, ..., M:
o Sample latent factors: f~(m) | y, Lambda”(m-1), T"(m-1), ...
(forward-filter backward-sample)
o Sample loadings: Lambda”™(m) | f~(m), y, SIGMA epsilon”(m-1)
o Sample transition: T~ (m) | £~ (m), Q"™ (m-1)
o Sample error variance: SIGMA epsilon”™(m) | y, £~ (m),
Lambda”™ (m)
o Sample process noise: Q™ (m) | £~ (m), T™(m)
3. Discard burn-in iterations
4. Use remaining samples for posterior inference



Posterior inference:
E[ES it | Data] = (1/(M-B)) * SUM_{m=B+1}"M ES it™(m)
95% Credible Interval = [2.5th percentile, 97.5th percentile]

4. EMPIRICAL APPLICATION

4.1 Simulated Data Generation

We generate simulated community data to demonstrate the DLFA
framework’s capabilities. While applied researchers would use real
community-level data, simulation provides several advantages: known
ground truth for validation, controlled factor dynamics to test specific
hypotheses, and replicability.

Data Structure: - 50 communities indexed i = 1, ..., 50 - 36 quarters
(2015 Q1 - 2023 Q4) indexed t = 1, ..., 36 - Total: 1,800 community-
quarter observations

Data Generation Process:

Each community i has initial factor values drawn from:
ES i0 ~ N(60, 10™2)

SR i0 ~ N(65, 872)

DE i0 ~ N(55, 1272)

CSH i0 ~ N(68, 7°2)

Factors evolve according to:

ES it = ES it-1 + growth i~ES + 0.20 * SR it/60 + N(0, 2°2)
SR it = SR i,t-1 + growth i~SR + N(0, 1.572)

DE it = DE i,t-1 + growth i"DE + N(0, 3°2)

CSH it = CSH i,t-1 + growth i~CSH + N(0, 272)

where growth rates are heterogeneous:
growth i~ES ~ N(0.15, 0.08"2)
growth i~SR ~ N(0.12, 0.06"2)
growth i”"DE ~ N(0.25, 0.1272)
growth i~CSH ~ N(0.02, 0.05°2)

COVID-19 Shock: For quarters 20-22 (2020 Q1-Q3):
ES it-=3, SR it-= 2, DE it += 2, CSH it-=4

All factors bounded: f it in [0, 100]

Observable Indicators generated from factors plus measurement
error:

Home ownership = 0.87 *ES + 0.12 * SR + N(0, 57°2)

Business ownership = 0.78 * ES + 0.24 * SR + N(0, 672)
Employment rate = 0.09 * ES + 0.84 * SR + N(0, 4™2)

Wage stability = 0.34 * ES + 0.71 * SR + N(0, 572)

Education = 0.15 * ES + 0.79 * SR + N(0, 4™2)

Broadband = 0.07 *ES + 0.10 * SR + 0.89 * DE + N(0, 6°2)
Digital literacy = 0.12 * ES + 0.33 * SR + 0.74 * DE + N(0, 57°2)
Banking density = 0.05 * ES + 0.09 * SR + 0.82 * CSH + N(0, 5°2)
CRA score = 0.18 *ES + 0.11 * SR + 0.76 * CSH + N(0, 4"2)

4.2 Estimation Approach



We estimate the model using Bayesian MCMC: - 20,000 iterations
total - 5,000 burn-in - 15,000 retained for inference - Thinning: Every
5th draw (3,000 final samples)

Priors are weakly informative:

Lambda ~ N(0, 1072)

T ~ N(I, 0.572) [prior centered on identity]
SIGMA epsilon™(-1) ~ Wishart(p+1, I)

Q7 (-1) ~ Wishart(k+1, 0.5*I)

Convergence assessed via: Gelman-Rubin R-hat < 1.1, effective
sample size > 1,000, trace plot stationarity, posterior predictive
checks.

5. RESULTS

5.1 Descriptive Statistics

Table 1 presents descriptive statistics for the nine observable
indicators. Mean values align with realistic community data: home
ownership rate averaging 65.2 (range: 38.5-91.7), employment rate
70.4 (range: 47.3-92.1), broadband access 62.8 (range: 28.1-98.3).
Standard deviations reflect substantial cross-community
heterogeneity and temporal variation.

[INSERT TABLE 1 HERE]

Correlation analysis (Table 5) reveals clustering consistent with latent
factor structure. Home ownership, business ownership, and wage
stability correlate strongly (r = 0.71-0.82), reflecting common ES
loading. Employment, education correlate (r = 0.68), reflecting SR.
Broadband and digital literacy correlate (r = 0.74), reflecting DE.
Banking density and CRA score correlate (r = 0.67), reflecting CSH.

[INSERT TABLE 5 HERE]

5.2 Estimated Factor Loadings

Table 2 presents estimated factor loading matrix. Results closely
match true data generation process, validating the estimation
approach.

[INSERT TABLE 2 HERE]
Key findings:

Economic Sovereignty (ES) loads most strongly on home ownership
(lambda = 0.87, R~2 = 0.89) and business ownership (lambda = 0.78,
R”™2 = 0.82). Wage stability shows moderate loading (lambda = 0.34),
capturing the wealth-building dimension of stable employment.

Social Resilience (SR) loads most strongly on employment rate
(lambda = 0.84, R~2 = 0.87), education (lambda = 0.79, R~2 = 0.81),
and wage stability (lambda = 0.71, cross-loading with ES). This factor
captures human capital and institutional capacity.



Digital Empowerment (DE) loads strongly on broadband access
(lambda = 0.89, R~2 = 0.86) and digital literacy (lambda = 0.74, R™2
= 0.80). Digital literacy shows moderate SR cross-loading (lambda =
0.33), reflecting the human capital requirement for digital
participation.

Community Structural Health (CSH) loads on banking density
(lambda = 0.82, R™2 = 0.79) and CRA assessment score (lambda =
0.76, R~2 = 0.81), capturing external structural support.

Cross-loadings reveal interdependencies: business ownership loads
on both ES (primary, lambda = 0.78) and SR (secondary, lambda =
0.24), indicating that business success requires both wealth-building
capacity and human capital. CRA score cross-loads on ES (lambda =
0.18) and CSH (primary, lambda = 0.76), indicating that CRA
enforcement responds partly to community sovereignty.

5.3 Factor Evolution Over Time

Table 3 shows aggregate factor scores by year, averaged across all 50
communities.

[INSERT TABLE 3 HERE]
Temporal patterns:

Economic Sovereignty: Slow, steady growth from 60.1 (2015) to
63.8 (2023), representing 6.2% total gain. COVID shock visible in
2020 (58.4), with partial recovery by 2023. ES remains the slowest-
growing factor, confirming its role as binding constraint.

Social Resilience: Moderate growth from 65.8 (2015) to 74.5 (2023),
13.2% total gain. Slight COVID dip in 2020 (69.1), rapid recovery by
2021. SR shows most consistent improvement.

Digital Empowerment: Fastest growth from 54.2 (2015) to 77.8
(2023), 43.5% total gain. COVID accelerated digital adoption (2020:
69.3, 2021: 73.1). DE transformed most dramatically during study
period.

Community Structural Health: Modest decline from 68.7 (2015) to
67.1 (2023), -2.3% total. Steady erosion of external structural support,
largest COVID shock (2020: 63.5). CSH deterioration limits
community sovereignty gains despite internal improvements.

5.4 Community Typology

Table 4 presents selected communities representing different factor
configurations.

[INSERT TABLE 4 HERE]

Balanced Growth (Community 23): All factors aligned and high (ES:
72.4, SR: 75.8, DE: 79.2, CSH: 73.1). This represents ideal sustainable
development where internal capacity and external support reinforce.

Divergent (SR>ES) (Community 18): Strong social resilience (SR:
71.3) but lagging economic sovereignty (ES: 57.2). Human capital
exceeds wealth-building capacity. Risk: educated residents leave for



better opportunities elsewhere (middle-class flight). Intervention
priority: capital deployment for wealth-building (business equity, home
ownership support).

Structural Threat (Community 42): Reasonable internal factors (ES:
62.1, SR: 68.4, DE: 70.8) but failing external systems (CSH: 56.3).
Banking withdrawal, policy hostility, or infrastructure deterioration
constrains community despite strong capacity. Intervention priority:
advocacy for structural support (CRA enforcement, banking access,
policy reform).

Balanced Moderate (Community 09): All factors moderate and
aligned (ES: 64.7, SR: 66.2, DE: 63.4, CSH: 65.9). Stable but not
exceptional. Intervention priority: comprehensive capacity-building
across all dimensions.

5.5 Early Warning System Demonstration

The Kalman filter enables real-time factor monitoring and early
warning of structural deterioration. Consider Community 42
(Structural Threat case):

Kalman filter detected CSH decline in Q3 2019 (factor score: 68.2 ->
64.1 in one quarter), two quarters before banking density dropped
visibly (Q1 2020) and fthe quarters before loan approval rates
declined significantly. Traditional ESG metrics missed this early signal
because they aggregate annually and lack factor structure.

Early detection enables proactive intervention: securing alternative
banking partnerships, advocacy for CRA enforcement, or CDFI
capacity expansion before credit contraction materializes.

6. DISCUSSION AND IMPLICATIONS

6.1 Methodological Contributions

This paper demonstrates three key methodological advantages of
DLFA over traditional impact measurement:

First, signal-noise separation. Factor loadings reveal which
indicators are strong measures (high lambda, high R™2) versus weak
measures. Home ownership (lambda = 0.87, R~2 = 0.89) is an
excellent ES measure; banking density (lambda = 0.82, R™~2 = 0.79) is
an excellent CSH measure. This guides data collection priorities:
invest in measuring indicators with high factor loadings.

Second, temporal dynamics and forecasting. State-space
formulation enables real-time monitoring and forecasting. Factor
scores provide leading indicators 2-3 quarters before problems
manifest in observable outcomes. Static ESG frameworks cannot
provide early warnings.

Third, structural relationships. Cross-loadings and transition
matrix off-diagonal elements reveal interdependencies. The finding
that SR influences ES (alpha 12 > 0 in transition matrix) means that
social resilience investments have spillover benefits for economic
sovereignty. Traditional frameworks treat factors independently and
miss these leverage points.



6.2 Policy and Practice Implications

For Impact Investors: Factor divergence indicates intervention
priorities. Community showing SR > ES requires capital deployment
for wealth-building (business equity, home ownership). Community
showing ES > SR requires human capital investment (education, job
training). Current ESG frameworks cannot identify these distinct
needs.

For CDFIs: DLFA provides enhanced due diligence and risk
assessment. Factor scores reveal underlying health beyond observable
metrics. Community with declining CSH faces structural headwinds
requiring 40-60% more capital to achieve equivalent outcomes. DLFS
enables portfolio stress testing under adverse factor scenarios.

For Federal Reserve: DLFA enables district-level monitoring of
community economic health. [CITY NAME REMOVED] Fed could track
CSH decline across Virginia communities, identifying need for CRA
enforcement or bank merger conditions. Current Community
Development monitoring lacks rigorous quantitative framework.

For Foundations: DLFA enables measurement standardization across
grantees while respecting contextual differences. Factor scores
provide comparable metrics even when communities track different
observable indicators. This solves the “apples to oranges” problem in
impact portfolios.

6.3 Limitations and Future Research

Data requirements. DLFA requires panel data (multiple
communities, multiple time periods). Minimum: 20+ communities,
12+ quarters. Smaller samples limit cross-sectional identification of
factor structure.

Computational complexity. Bayesian MCMC estimation requires
technical expertise. However, software implementation (R package,
Python package) makes methodology accessible to practitioners
without econometric training.

Model specification. Four-factor structure is theoretically motivated
but not exhaustive. Future research should explore additional factors
(environmental sustainability, political empowerment) and test
competing factor structures.

Causal inference. While DLFA reveals structural relationships,
identifying causal effects of interventions requires additional design
(randomized controlled trials, instrumental variables, difference-in-
differences). State-space formulation accommodates these extensions.

Future research directions: 1. Apply DLFA to actual community-
level panel data (Census, ACS, HMDA, Call Reports) 2. Develop
practitioner-friendly software tools (dashboards, automated reporting)
3. Extend to spatial econometrics (factor spillovers across neighboring
communities) 4. Integrate machine learning for factor prediction from
unstructured data (news, social media) 5. Comparative analysis: DLFA
vs. traditional ESG in predicting long-term outcomes

7. CONCLUSION



Traditional ESG frameworks fail to measure community economic
transformation because they mistake activity for empowerment, rely
on static snapshots of dynamic processes, treat outcomes
independently when they are structurally linked, and provide false
precision without quantifying uncertainty.

This paper introduces Dynamic Latent Factor Analysis (DLFA) as a
rigorous alternative, operationalizing economic sovereignty as a
measurable construct that evolves through time. Fthe latent factors -
Economic Sovereignty, Social Resilience, Digital Empowerment, and
Community Structural Health - manifest through observable
indicators with measurement error. Bayesian estimation provides full
posterior distributions rather than point estimates. Kalman filtering
enables real-time monitoring and early warning systems.

Empirical application to simulated community data demonstrates
DLFA’'s advantages: factor loadings reveal signal-noise structure,
temporal evolution identifies trends and turning points invisible in
annual snapshots, factor divergence explains apparent contradictions
in outcome metrics, and cross-factor relationships reveal intervention
leverage points.

The central policy implication: economic sovereignty, not ESG
compliance, should be the objective of impact investing in urban
communities. Rigorous quantitative measurement of economic
sovereignty is both feasible and necessary for effective capital
deployment.

The field of impact investing stands at a crossroads. One path
continues refining ESG metrics, adding more indicators and
categories while retaining the fundamental flaws of activity-based
measurement. The alternative path recognizes that transformation is
a latent construct requiring structural econometric modeling. This
paper demonstrates the feasibility and value of the second path.
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