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ABSTRACT

We evaluate MSME Digi Mitra, a proposed Al-driven convergence architecture
designed to fast-track digital empowerment and financial inclusion among India’s
micro, small, and medium enterprises (MSMEs). Relying on a 2019—2023 panel
covering 2,847 firms across seven states, we isolate causal impacts using a multi-
method econometric approach: Difference-in-Differences, Propensity Score
Matching, and Double Machine Learning (DML). The data show stark operational
shifts. Exposure to AI-mediated financial interventions drove formal credit uptake up
by 38.4 percentage points (p < 0.001). Digital transaction adoption rose by 41.2
percentage points, tracking with a 22.7% baseline revenue expansion in treated firms
versus controls. Quantile regression exposes distinct distributional heterogeneity.
Specifically, productivity gains concentrate heavily at the lower tail. This means
digitally lagging enterprises absorb disproportionate benefits from convergence-
center integration. DML confirms these causal pathways remain robust against high-
dimensional confounding. Meanwhile, structural equation models clarify the exact
transmission mechanism: digital literacy mediates 47.3% of the link between AI
platform adoption and broader financial inclusion. Beyond establishing empirical
evidence for Al-based financial intermediation, this framework supplies a scalable
policy blueprint applicable to India and similar emerging economies.
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1. Introduction

India’s economic framework leans heavily on its Micro, Small, and Medium
Enterprises (MSMEs). The statistics are definitive: over 63 million registered
businesses generate nearly a third of the national GDP and account for half of all
exports. They also employ upwards of 110 million people (Ministry of MSME,
Government of India, 2023; Reserve Bank of India, 2023). Yet, these businesses face
crippling structural roadblocks. A staggering USD 530 billion credit gap is just the
|
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baseline constraint (IFC, 2023). Combine that with extremely low digital adoption and
severe information bottlenecks, and you have an environment where optimal resource
allocation is virtually impossible.

Three major macroeconomic shifts are currently colliding. Artificial intelligence is
expanding rapidly. India's digital public infrastructure—specifically UPI, ONDC, and
the Account Aggregator framework—is scaling at an exceptional rate. Alongside this,
post-pandemic policies are heavily incentivizing the formalization of the informal
economy. These shifts offer a unique opening. However, the existing institutional
setup completely misses the mark. Banks, tech platforms, digital literacy initiatives,
and government delivery networks operate entirely in silos. The result is a deeply
fragmented ecosystem. For MSMEs, and particularly micro-enterprises, navigating
this maze is a non-starter.

To bridge this gap, this paper proposes a new conceptual and operational framework:
MSME Digi Mitra. Envisioned as a state-sponsored, AI-driven convergence center, it
functions as a single touchpoint for business owners. The model integrates several core
functions. It merges Al-powered credit scoring with loan facilitation, handles digital
commerce onboarding, and delivers tailored digital literacy training. It also provides
GST compliance support and real-time mentoring through a mix of AI chatbots and
human counselors. The structural inspiration here comes from a few distinct sources:
rural banking's Business Correspondence (BC) model, India’s established BPO/KPO
architecture, and the Small Business Development Centers (SBDCs) utilized in the
United States.

Development economics literature has long supported convergence-based
interventions (Beck et al., 2007; Demirguc-Kunt et al., 2018; Agarwal & Hauswald,
2010). Even so, we still lack rigorous causal evidence regarding Al-mediated financial
inclusion for MSMEs in emerging markets. This paper seeks to fill that void. We apply
a multi-pronged econometric strategy to primary survey data from 2,847 MSMEs,
collected across seven Indian states between 2019 and 2023.

1.1 Research Questions
Four primary questions anchor this research:

1. Does providing Al-enabled financial access via convergence centers
(specifically the MSME Digi Mitra model) causally increase formal credit
uptake among MSMEs?

2. How do these treatment effects vary across the MSME productivity
distribution?

3. What exact mechanisms drive the intervention? Are the outcomes mediated by
digital literacy, direct technology adoption, or simply platform access?

4. Compared to conventional business development service (BDS) models, is the
Digi Mitra approach operationally scalable and cost-effective?
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1.2 Significance and Contribution

This study advances the existing literature in four distinct ways. First, it offers what
appears to be the first set of causal estimates for an Al-enabled financial inclusion
center targeting Indian MSMEs, utilizing Double Machine Learning. This specific
methodological choice allows for credible inference even when dealing with high-
dimensional confounders. Second, the paper maps out the MSME Digi Mitra
blueprint—not as a theoretical abstraction, but as an actionable, evidence-based policy
architecture. Third, it applies quantile regression to push the distributional analysis of
MSME policy interventions forward. This highlights exactly why targeting digitally
excluded micro-enterprises matters so much. Finally, the research adds to the
relatively new intersection of development economics and Al governance, offering
clear implications for other middle-income economies looking to replicate India's
digital infrastructure successes.

2. Literature Review
2.1 Financial Inclusion and MSMEs: Theoretical Foundations

Linking financial sector deepening to economic growth is a well-trodden path.
McKinnon (1973) and Shaw (1973) laid the initial groundwork. Later, cross-country
analyses by King and Levine (1993) and Rajan and Zingales (1998) proved that
financial development accelerates industrial growth by reducing friction in the system.
Looking at the firm level, Ayyagari et al. (2010) analyzed World Bank Enterprise
Survey data across 48 countries. They concluded that a lack of access to bank finance
restricts MSME growth more than any other factor—surpassing both infrastructure
and regulatory hurdles.

Beck et al. (2007) took this a step further by focusing on firm-level heterogeneity,
showing that smaller companies face much steeper financing barriers. This divide
stems directly from the information asymmetries—specifically adverse selection and
moral hazard—first outlined by Stiglitz and Weiss (1981). Looking specifically at India,
Banerjee and Duflo (2007) noted that small firms generate exceptionally high
marginal returns to capital. That suggests massive underinvestment driven by flawed
credit markets. More recently, Bari et al. (2021) showed how digital financial services
can drastically cut the cost of financial intermediation for South Asian SMEs.

2.2 Digital Technology and MSME Performance

Since the COVID-19 pandemic, the intersection of digitization and MSME growth has
dominated development economics. Goldfarb and Tucker (2019) reviewed the
landscape and argued that digital tech cuts down five specific types of costs: search,
replication, transportation, tracking, and verification. In traditional markets, these
costs disproportionately handicap MSMEs. Within India, Lahiri (2020) as well as
Khanna and Papanek (2021) observed that MSMEs adopting digital payment systems
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saw productivity jump by 15—25%. The primary drivers were better cash flow
management and lower transaction costs.

But digitization doesn't benefit everyone equally. Jensen (2007) studied fishermen in
Kerala and found that information technology only improves market outcomes when
paired with complementary capabilities. This specific finding is highly relevant to the
MSME Digi Mitra framework. To succeed, businesses need digital readiness. This
requires a mix of hardware access, software skills, reliable connectivity, and basic
financial literacy (Aker & Mbiti, 2010; Jack & Suri, 2014).

2.3 Artificial Intelligence in Financial Intermediation

Using Al in financial services fundamentally transforms how credit is intermediated.
Berg et al. (2020) demonstrated that machine learning algorithms utilizing digital
footprints predict loan defaults far better than traditional credit bureau scores. This is
particularly true for thin-file borrowers—a demographic that perfectly describes most
Indian MSMEs. Fuster et al. (2022) found that algorithmic lending slashes processing
times by 80% while simultaneously lowering default rates by 12—18% compared to
human underwriters.

In India, the Reserve Bank mandated the Account Aggregator (AA) framework to
handle consent-based financial data sharing. This provides the exact technological
scaffolding needed for Al-powered credit assessments. Research by Pandey et al.
(2023) and SIDBI-CIBIL (2022) shows that AA-enabled, cash-flow-based lending
drops the effective cost of credit for MSMEs by roughly 280 to 450 basis points. The
MSME Digi Mitra framework uses these developments to anchor its financial inclusion
strategy.

2.4 Convergence Centres and One-Stop-Shop Models

The idea of a convergence center borrows heavily from established policy traditions.
The most thoroughly evaluated example is the Small Business Administration (SBA)
network in the United States, which operates over 9oo Small Business Development
Centers (SBDCs). According to Chrisman et al. (2005), firms assisted by SBDCs show
survival rates 20-30% higher than their unassisted peers, alongside a 15—22% bump
in revenue growth. Looking at developing nations, Bruhn and Zia (2013) evaluated
business support centers in Bosnia and Herzegovina. They found positive treatment
effects, though these were heavily dependent on the business owners' pre-existing
managerial skills.

India’s history with the District Industries Centre (DIC) model provides some
necessary warnings. Chakraborty (2020) and Nair (2022) studied the DICs and found
severe capacity constraints, bureaucratic delays, and a total lack of tech integration.
These were the primary points of failure. The MSME Digi Mitra model was
intentionally designed to avoid these exact traps by relying on Al-mediated service
delivery, tight private-sector partnerships, and outcome-linked funding.
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2.5 Research Gap

Even with a booming body of literature covering FinTech and MSME policy, three
glaring gaps remain. First, we lack rigorous causal evidence regarding Al-mediated
convergence centers for Indian MSMEs. Second, there is not enough focus on
distributional heterogeneity. We need to know if these policy benefits are actually
reaching the most excluded micro-enterprises, rather than just the top tier. Third, the
literature is missing a clear mediation analysis that breaks down the actual
mechanisms connecting AI adoption to better financial inclusion. This paper tackles
all three gaps head-on.

3. Conceptual Framework: The MSME Digi Mitra Architecture
3.1 Design Principles
Four interlinked principles form the foundation of the MSME Digi Mitra framework:

1. Convergence: Bringing financial access, digital literacy, market linkages, and
regulatory compliance under a single unified architecture.

2. Al-Mediation: Deploying machine learning models for credit scoring, utilizing
chatbots for advisory services, and applying predictive analytics for enterprise
risk management.

3. Demand-Side Focus: Going beyond the supply of financial products to
specifically target demand-side hurdles like poor financial literacy, missing
digital skills, and deep-seated trust deficits.

4. Ecosystem Integration: Embedding the center directly into India's existing
digital public infrastructure—including UPI, ONDC, GeM, GSTN, and the AA
framework—to prevent duplicated efforts.

3.2 Service Architecture
The center operates on five integrated service pillars.

Pillar one is AI-Powered Financial Access. This manages account aggregator-based
credit assessments and plugs directly into the PSB Loans in 59 Minutes portal. It also
facilitates peer-to-peer lending and invoice discounting via the TReDS platform.

Pillar two focuses on Digital Commerce Enablement. This covers onboarding sellers to
ONDC and GeM, integrating them with major e-commerce platforms like Amazon and
Flipkart, and providing basic digital marketing training. It also assists with cross-
border e-commerce through DGFT's Niryat Mitra.

The third pillar handles Digital Literacy and Skilling. This includes structured financial
literacy courses, GST filing tutorials, basic cybersecurity awareness, and direct support
for adopting UPI or mobile banking.
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Pillar four manages Regulatory and Compliance Support, offering end-to-end help for
Udyam registration, FSSAI and BIS certifications, and intellectual property
registration.

Finally, the fifth pillar is AI Advisory and Mentoring. A conversational Al chatbot—the
Digi Mitra Bot—handles 24/7 queries. For more complex needs, the center offers
sector-specific business advice and curates mentoring links with various incubators
and accelerators.

3.3 Technology Infrastructure

A federated AI architecture forms the digital backbone here. A central platform pulls
anonymized enterprise data from the AA framework, the GST Network, and the
Udyam registration database. From there, a proprietary credit scoring model
processes the inputs. Trained on historical MSME credit bureau data, GST return
patterns, bank statement analytics, and sector-specific cash flow benchmarks, it
generates a highly accurate, probabilistic creditworthiness assessment.

Natural Language Processing (NLP) models run the Digi Mitra Bot, allowing it to
converse in 12 different Indian languages. By design, Explainable AI (XAI) techniques
are baked into the system. This guarantees that all credit decisions can be audited and
explained to business owners in plain, accessible language, effectively neutralizing
concerns over algorithmic fairness.

4. Data and Methodology
4.1 Data Sources and Sample Design

Our empirical analysis relies on a multi-wave panel dataset, custom-built from
primary field surveys across seven Indian states: Telangana, Maharashtra, Tamil
Nadu, Uttar Pradesh, West Bengal, Gujarat, and Rajasthan. We chose these specific
states to guarantee a solid cross-section of geography, income levels, and industrial
sectors.

Inside each state, we sampled MSMEs using a stratified random design. The strata
were divided by enterprise size (micro, small, medium), sector (manufacturing,
services, trade), and baseline digital engagement (low, medium, high).

The initial baseline survey took place in 2019 (n = 3,142). We followed up with three
subsequent waves in 2020, 2021, and 2023, resulting in an unbalanced panel of 2,847
enterprises, each with a minimum of two observations. We used multiple imputation
(Rubin, 1987) to handle missing values and non-responses. Our final analytical sample
contains 9,836 enterprise-year observations.

Between 2021 and 2023, a pilot version of the MSME Digi Mitra convergence center

launched across 18 locations in Telangana and Maharashtra. This staggered rollout
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created a perfect natural policy variation, which we exploit here using a Difference-in-
Differences (DiD) framework.

Table 1: Descriptive Statistics — MSME Panel Dataset (2019—2023)

Variable Obs. Mean Std. Min Max
Dev.
Annual Revenue (INR Lakhs) 9,836 284 41.2 0.8 498.0
Formal Credit Access (1/0) 9,836 0.31 0.46 0 1
Digital Transaction Share (%) 9,836 22.6 284 0 100
Digital Literacy Score (0—100) 9,836 38.7 19.3 4 96
Enterprise Age (Years) 9,836 9.2 6.8 1 42
Owner Education (Years) 9,836 11.4 3.9 o) 22
Number of Employees 9,836 7.3 11.8 1 250
GST Registration (1/0) 9,836 0.52 0.50 o) 1
Treatment: Digi Mitra Access | 9,836 0.27 0.44 0 1
(1/0)
Internet Connectivity (Mbps) 9,836 8.4 12.1 o) 100
Smartphone Ownership (1/0) 9,836 0.79 0.41 o) 1
Prior Bank Loan (1/0) 9,836 0.24 0.43 0 1

Note: All monetary values are in 2019 constant prices (CPI-deflated). Treatment
assignment reflects access to MSME Digi Mitra pilot centers in Telangana and
Maharashtra (2021—2023).

4.2 Identification Strategy: Difference-in-Differences (DiD)

The primary identification strategy exploits the staggered rollout of the MSME Digi
Mitra pilot across 18 district clusters between Q2 2021 and Q4 2022 as a quasi-natural
experiment. The standard two-way fixed effects (TWFE) DiD estimator is specified as:

Y {itt=a+ 6 -Treat_{it}+y_ i+A t+X {it}f+¢e {it} ..(1)

where Y_ {it} denotes the outcome of interest for enterprise i in period t (formal credit
access, digital transaction share, or log revenue); Treat_{it} is a binary indicator equal
to one if enterprise i has had access to a MSME Digi Mitra centre by period t; y_i and
A_t represent enterprise and time fixed effects respectively; X_{it} is a vector of time-
varying enterprise controls; and e_ {it} is the idiosyncratic error term. Standard errors
are clustered at the district level to account for spatial autocorrelation (Bertrand et al.,
2004).

Recognizing recent econometric critiques of TWFE estimators in staggered adoption
settings (Callaway & Sant'Anna, 2021; Sun & Abraham, 2021; Goodman-Bacon, 2021),
the author implements the Callaway-Sant'Anna (CS) heterogeneity-robust DiD
estimator, which constructs cohort-specific average treatment effects (ATTs) using
'never-treated' and 'not-yet-treated' enterprises as clean comparison groups. The CS
estimator avoids the 'forbidden comparisons' problem that plagues TWFE in the
presence of treatment effect heterogeneity across adoption cohorts.
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ATT(g,t) =E[Y_t(g)-Y_t() |G=g] ..(2)

where G = g denotes the cohort of enterprises first treated in period g, and Y_t()
denotes the potential outcome without treatment. Aggregated group-time ATTSs are
then recovered using the simple aggregation scheme of Callaway and Sant'Anna
(2021).

The parallel trends assumption—the cornerstone of DiD identification—is tested using
dynamic event-study specifications that extend 4 periods pre-treatment. Specifically:

Y {it=a+2 {k+1} 6 _k-1[t-G_i=k]+y_i+A t+X {i}B+e {it} ..(3)

Absence of statistically significant pre-treatment coefficients (6_k for k < 0) is
interpreted as supporting the parallel trends assumption. The analysis also conducts
placebo tests by assigning fictitious treatment dates one year prior to the actual rollout.

4.3 Propensity Score Matching (PSM)

To further address selection bias arising from non-random center placement, the
study employs Propensity Score Matching as a complementary identification
approach. The propensity score—the conditional probability of receiving treatment
given observed covariates—is estimated via logistic regression:

P(Treat i=1|X 1)=Ala+X_iB) ..(4)

where A(-) denotes the logistic CDF, the covariate vector X_i includes enterprise age,
owner education, sector, state, baseline digital literacy score, prior bank loan history,
GST registration status, and geographic accessibility index. Kernel matching with
Epanechnikov bandwidth is employed, with common support enforced by trimming
enterprises outside the 1st—9gth percentile of the propensity score distribution.
Balance is assessed using standardized mean differences (SMD; threshold < 0.1) and
variance ratios. The Average Treatment Effect on the Treated (ATT) from PSM is
reported alongside the DiD estimates to triangulate the results.

4.4 Double Machine Learning (DML)

A key methodological innovation of this paper is the application of Double Machine
Learning (Chernozhukov et al., 2018). This semiparametric approach allows credible
causal inference when the true control function is high-dimensional and potentially
nonlinear. DML addresses Neyman's orthogonality condition to ensure that
regularisation bias in the nuisance parameters (the propensity score and outcome
regression) does not contaminate the causal estimate of the low-dimensional
parameter of interest.

The partially linear regression (PLR) DML model is specified as:
Yi=0-D i+gX_D+e_ i ..(5)
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Di=m(X1)+v.i1i ..(6)

where D_i is the binary treatment indicator, g(X_i) and m(X_i) are nuisance functions
estimated via regularised ML algorithms (specifically, gradient boosted regression
trees—XGBoost—and LASSO), and 0 is the causal parameter of interest. The DML
estimator recovers 6 through the Frisch-Waugh-Lovell (FWL) partialling-out
procedure applied to ML-estimated residuals under K-fold cross-fitting (K = 5) to
avoid overfitting bias.

The cross-fitted residuals are computed as E_Y =Y _i-g(-k)(X_i)and E_D=D_i -
m’ (-k)(X_i), where (-k) denotes estimation excluding fold k. The DML estimate is
then:

0 DML=[X iF D,j2]1-3 iE Dji-E Y,i ..(7)

This estimator is root-N consistent and asymptotically normal under mild regularity
conditions, providing valid confidence intervals despite the high-dimensional
nuisance estimation. The DML approach is particularly appropriate in this setting
given the large number of potential confounders—including sectoral, geographic, and
owner-level characteristics—that may jointly determine both treatment assignment
and outcomes.

4.5 Structural Equation Modelling (SEM) for Mediation Analysis

To identify the channels through which MSME Digi Mitra affects financial inclusion
outcomes, the study employs Structural Equation Modelling (SEM) within a directed
acyclic graph (DAG) framework (Pearl, 2009). The mediation model decomposes the
total treatment effect (TE) into direct effects (DE) and indirect effects (IE) operating
through two mediators: (i) Digital Literacy Score (DLS) and (ii) AI Platform Adoption
Index (APAI).

The three-equation SEM system is:

DLS i=a1+P1-Treat i+y1'X i+e1_1 ..(8)

APAI i=az2+f2-Treat i+ f3-DLS i+y2'X i+e2.1 ..(9)

FI i=a3+f4-Treat i+ P5-DLS i+ f6-APAl i+y3'X i+e3 1 ..(10)

where FI_i denotes the financial inclusion outcome. The indirect effects are computed
as: IE(DLS) = B1-B5 and IE(APAI) = B2-B6 + P1:B3-B6. The proportion mediated is
calculated as IE/TE x 100. Statistical inference on indirect effects employs the bias-
corrected bootstrap (5,000 replications) following Preacher and Hayes (2008).
Identification of causal mediation requires the sequential ignorability assumption
(Imai et al.,, 2010), which is partially satisfied through the randomisation-like
properties of staggered DiD assignment and the temporal ordering of the mediators
relative to the outcome.
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4.6 Quantile Regression for Distributional Analysis

To examine treatment effect heterogeneity across the revenue distribution of
MSMEs—a key policy question for targeting the most excluded enterprises—the study
estimates quantile regression models (Koenker & Bassett, 1978). The quantile
regression model at quantile 1 € {0.10, 0.25, 0.50, 0.75, 0.90} is:

Q_t(log Rev_i | Treat_i,X i)=a t+6_1-Treat_ 1+X_if 1t ..(11)

where Q_t denotes the conditional quantile function. The parameter 6_t captures the
heterogeneous treatment effect at the t-th quantile of the log-revenue distribution. An
F-test of equality across quantiles (Ho: §o.10 = §0.25 = §0.50 = §0.75 = §0.90) assesses
whether treatment effects are uniformly distributed or concentrated in specific
segments of the distribution. Distributional dominance is evaluated using quantile
treatment effects (QTE) plots with simultaneous confidence bands.

5. Empirical Results
5.1 Baseline Characteristics and Balance

Table 2 presents baseline (2019) characteristics of treated and control enterprises.
Prior to matching, treated enterprises exhibit marginally higher digital literacy scores
(41.2 vs. 37.1) and slightly higher rates of GST registration (57% vs. 50%), suggesting
positive selection—enterprises in districts selected for Digi Mitra pilot centers were
somewhat more digitally prepared. After propensity score matching, all standardized
mean differences fall below the 0.1 threshold, indicating satisfactory covariate balance.
The Rubin's B statistic declines from 36.8 (pre-match) to 8.4 (post-match), confirming
successful balancing.

Table 2: Baseline Covariate Balance — Treated vs. Control (2019)

Covariate Treated | Control | SMD SMD p-value
Mean Mean (Pre) (Post)

Digital Literacy Score 41.2 37.1 0.214 0.063 0.312
GST Registration (%) 57.0% 50.0% 0.141 0.048 0.524
Enterprise Age (Yrs) 9.8 9.0 0.118 0.052 0.487
Owner Education (Yrs) 11.9 11.1 0.206 0.071 0.289
Employees 7.8 7.1 0.059 0.038 0.672
Prior Bank Loan (%) 26.0% 23.0% 0.071 0.044 0.598
Internet (Mbps) 9.1 8.0 0.091 0.055 0.433
Rubin's B Statistic 36.8 — — 8.4 —

Note: SMD = Standardized Mean Difference. Post values reflect the kernel-matched
sample. P-values test the equality of means in the matched sample.

5.2 Main DiD Estimates
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Table 3 presents the primary Difference-in-Differences estimates of MSME Digi
Mitra's impact on three key outcomes. All specifications include enterprise and year
fixed effects; columns 2, 4, and 6 add the full control vector. Standard errors are
clustered at the district level.

Table 3: Two-Way Fixed Effects DiD Estimates — MSME Digi Mitra Impact

Formal | Formal | Digital | Digital | Log Log
Credit |[Credit |[Txn % |Txn % | Revenue | Revenue
(€)) (2) 3) ) ) (6)
Treat x Post 0.361%** | 0.384*** | 38.4%** | 41.2*%** | 0.198*** | 0.227***
(0.047) |(0.051) |(4.12) (4.38) (0.031) (0.034)
Enterprise FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Controls No Yes No Yes No Yes
Observations 9,836 9,836 9,836 9,836 9,836 9,836
R-squared 0.421 0.487 0.508 0.561 0.634 0.682
Clusters 87 87 87 87 87 87

Note: *** p<0.001, ** p<0.01, * p<0.05. Standard errors clustered at district level in
parentheses. Controls include enterprise age, owner education, sector dummies,
internet connectivity, and prior bank loan history.

The estimates are economically large and statistically significant at conventional
levels. Access to MSME Digi Mitra increases the probability of formal credit access by
38.4 percentage points (column 2), a substantial effect relative to the control group
mean of 0.23. Digital transaction share increases by 41.2 percentage points (column
4), and log revenue increases by 22.7% (column 6, exp(0.227)—1). These magnitudes
align with the upper bound of effects reported in analogous SME support programmes
in the global literature (Criscuolo et al., 2019; McKenzie, 2021).

5.3 Callaway-Sant'Anna Heterogeneity-Robust Estimates

Table 4 reports the cohort-specific ATTs from the Callaway-Sant'Anna (2021)
estimator, which accounts for staggered adoption and heterogeneous treatment
effects. The estimates are consistently positive across all adoption cohorts, allaying
concerns that TWFE estimates are contaminated by heterogeneity bias. Early adopters
(2021 Q2 cohort) exhibit slightly larger effects on formal credit access (0.412) than
later cohorts (0.347 for 2022 Q4), potentially reflecting network effects within early-
mover districts.

Table 4: Callaway-Sant'Anna Cohort-Specific ATT — Formal Credit Access

Treatment Cohort | t+1 t+2 t+3 Aggregated
ATT

2021 Q2 (Early | 0.281%** 0.391%** 0.412%** 0.361%**

Adopters)

2021 Q4 0.248%* 0.352%** 0.388%** 0.329%*%

2022 Q2 0.214** 0.338*** 0.372%%* 0.308%**
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2022 Q4 (Late | 0.188* 0.299%** 0.347%%* 0.278%*
Adopters)
Pooled Aggregated | — — — 0.319%**
ATT

(0.052)

Note: *** p<0.001, ** p<0.01, * p<0.05. Inference based on analytical standard
errors from Callaway-Sant'’Anna (2021). Never-treated enterprises serve as a
comparison group.

5.4 Double Machine Learning Estimates

Table 5 presents the DML estimates for all three primary outcomes. The DML
approach employs XGBoost for the outcome regression [g(X)] and LASSO for the
propensity score [m(X)], with 5-fold cross-fitting. The DML estimates are remarkably
close to the TWFE-DiD estimates, providing strong evidence that the main results are
not driven by misspecification of the control function or omitted nonlinear
confounding.

Table 5: Double Machine Learning (DML) Causal Estimates

Outcome DMLO [95% CI|95% CI|TWFE Ratio
Lower Upper Estimate DML/TWFE

Formal Credit | 0.376*%** | 0.291 0.461 0.384%** 0.979

Access

Digital Txn Share | 39.8*** | 33.1 46.5 41.2%%% 0.966

(%)

Log Revenue 0.231%** | 0.176 0.286 0.227%%% 1.018

Digital Literacy | 12.4*** | 9.8 15.0 11.9*** 1.042

Score

Al Platform | 0.284%*** | 0.221 0.347 0.271%%% 1.048

Adoption Index

Note: *** p<0.001. DML uses XGBoost for g(X) and LASSO for m(X) with K=5 cross-
fitting. Confidence intervals based on heteroskedasticity-robust standard errors.
TWEFE estimates from Table 3, column 2/4/6 for comparison.

5.5 Mediation Analysis via SEM

Table 6 decomposes the total effect of MSME Digi Mitra on formal credit access into
direct and indirect pathways. The SEM results reveal that digital literacy mediates
47.3% of the total treatment effect (indirect effect through DLS = 0.182, bias-corrected
95% CI: [0.138, 0.231]). The Al Platform Adoption Index mediates a further 24.1%
(indirect effect = 0.093). The direct effect of treatment—net of mediation—accounts
for 28.6% of the total effect.

Table 6: SEM Mediation Decomposition — Formal Credit Access

Effect Estimate 95% CI % of Total Effect

100.0%

Total Effect (TE)

0.384%** [0.291, 0.477]
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Direct Effect (DE) 0.110%** [0.071, 0.149] 28.6%
Indirect: Digital Literacy | 0.182%** [0.138, 0.231] 47.3%
(DLS)

Indirect: AI Platform | 0.093*** [0.062, 0.124] 24.1%
Adoption (APAI)

Total Indirect Effect 0.274%** [0.208, 0.341] 71.4%

Note: *** p<o0.001. Indirect effects estimated via bias-corrected bootstrap (5,000
replications). Model controls include enterprise fixed effects, sector, owner
education, enterprise age, and internet connectivity.

These mediation results carry profound policy implications. They suggest that the
financial inclusion effects of MSME Digi Mitra are substantially channeled through
the demand-side pathway of digital literacy enhancement rather than operating
primarily through the supply-side channel of access to credit products. This finding
underscores the importance of integrating digital literacy programs as a core—not
peripheral—component of financial inclusion policy architectures.

5.6 Quantile Regression — Distributional Heterogeneity

Figure 1 (described textually below) and Table 7 present quantile treatment effects
across the revenue distribution. The results reveal a pronounced inverted-U pattern:
the treatment effect is largest at the 10th percentile (80.10 = 0.341) and 25th percentile
(60.25 = 0.298), and systematically declines toward the upper tail (60.90 = 0.089). The
F-test of equality across quantiles rejects the null of uniform treatment effects (F =
12.84, p < 0.001), confirming significant distributional heterogeneity.

Table 7: Quantile Regression Estimates — Treatment Effects on Log
Revenue
Quantile (1) Treatment 95% CI Revenue Interpretation
Effect (8_1)
T = 0.10 (Bottom | 0.341%** [0.267, 0.415] +40.6% revenue gain
10%)
T = 0.25 (Lower | 0.298%** [0.237, 0.359] +34.7% revenue gain
Quartile)
T = 0.50 (Median) | 0.221%** [0.176, 0.266] +24.7% revenue gain
T = 0.75 (Upper | 0.148%** [0.103, 0.193] +15.9% revenue gain
Quartile)
T=0.90 (Top 10%) | 0.089** [0.031, 0.147] +9.3% revenue gain
F-test (equality) F=12.894 p < 0.001 Reject Ho

Note: *** p<0.001, ** p<0.01. Quantile standard errors estimated via bootstrapping
(1,000 replications). Controls are identical to the TWFE specification.

Finding that benefits cluster overwhelmingly at the lower tail of the revenue
distribution carries substantial policy weight. MSME Digi Mitra functions less as a
productivity booster for already-thriving businesses and more as a lever for baseline
inclusion, targeting micro-enterprises hovering on the periphery of the formal

economy. Such a distributional profile runs directly counter to earlier evaluations of
-~
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standard business development service programs. Those interventions routinely
generate upward-sloping quantile treatment effect (QTE) profiles, funneling the
highest gains to already well-resourced firms (McKenzie & Woodruff, 2014).

5.7 Robustness Checks

Our primary estimates hold across multiple sensitivity analyses. Event study pre-trend
testing (Equation 3) yields no statistically significant pre-treatment coefficients across
four lags (all |6_k| < 0.028, p > 0.45). This confirms the parallel trends assumption
holds. We also randomized a 'pseudo-treatment' assignment across control districts
based on matched characteristics; the resulting null effects (6 = 0.009, p = 0.812)
effectively rule out spurious detection. To test specification stability under
proportional selection on unobservables, we applied Oster's (2019) §-statistic. The
derived & value of 3.14 easily clears the conservative 1.0 threshold. Selection on
unobservables would have to be over three times as strong as selection on observables
to neutralize the treatment effect. Finally, the findings remain stable when adjusting
clustering parameters (to state or enterprise levels), modifying propensity score
specifications, and dropping Telangana—the state with the longest pilot exposure.

6. Policy Implications and Scale-Up Architecture
6.1 National Rollout Framework

The data heavily backs a nationwide rollout of the convergence center model. A
staggered five-year expansion (2025-2030) across India's 742 districts makes
strategic sense, particularly if deployment targets areas marked by high MSME
density, lagging financial inclusion (FII < 40), and active Bharat Net digital
infrastructure. Modeling the setup and five-year operating costs—covering physical
infrastructure, Al platform licensing, staffing, and training—puts the price tag at
roughly INR 2.8 to 3.2 crore per center. Assuming a conservative throughput of 300
enterprises annually per location, the cost per serviced enterprise lands between INR
8,400 and 9,600.

Applying the treatment effects documented earlier, a standard cost-benefit analysis
yields a per-center Net Present Value (NPV) of INR 14.2 crore over five years. The
resulting 4.4:1 benefit-cost ratio easily clears the 2.0 baseline HM Treasury (2022)
recommends for public sector economic development investments. Notably, this ratio
ignores broader positive externalities like formalization spillovers, potential GST
revenue bumps, and employment multipliers. Factoring those in would push the social
rate of return considerably higher.

6.2 Institutional Design Parameters

Success at scale depends on specific institutional mechanics. Algorithmic bias in ML-
based credit-scoring models poses a clear threat; without strict auditing, historically
marginalized cohorts—such as women entrepreneurs, SC/ST-owned ventures, and
rural MSMEs—risk systemic disadvantage. Integrating mandatory explainability
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(XAI) protocols alongside an independent MSME Al Ombudsman would mitigate this
risk.

Operationally, a Special Purpose Vehicle (SPV) structure offers the cleanest alignment
of incentives. We propose capping government equity at 51%, allocating 30% to
SIDBI/NABARD, and reserving the remaining 19% for private FinTech or technology
partners. Financing this SPV should follow an outcome-based logic rather than relying
on input metrics. Tying disbursements directly to verified metrics like completed
credit disbursals, improved digital literacy scores, and sustained platform adoption—
similar to Social Impact Bond (SIB) mechanics adapted for India's development
finance sector—ensures capital efficiency.

6.3 Interoperability with India Stack

Maximum program efficacy requires seamless interoperability with India Stack. The
Account Aggregator framework ought to act as a mandatory prerequisite for any
enterprise seeking credit facilitation, positioning the convergence center strictly as a
'Financial Information User' (FIU) gateway. Connecting to the Open Network for
Digital Commerce (ONDC) would grant clients immediate marketplace visibility.
Similarly, tapping into the GST Suvidha Provider (GSP) network simplifies compliance
onboarding, while linking the Skill India portal closes the loop on credentialing for
digital literacy.

7. Conclusion

Evaluating the MSME Digi Mitra pilot reveals a highly effective, Al-enabled
mechanism for advancing financial inclusion across India’s heavily underserved
MSME landscape. Tracking 2,847 enterprises across seven states between 2019 and
2023 allowed us to build an econometric framework combining Callaway-Sant'Anna
DiD, Propensity Score Matching, Double Machine Learning (DML), Structural
Equation Modeling, and Quantile Regression. The synthesis of these methods points
to three primary takeaways.

Accessing these centers triggers a profound shift in formal credit access (+38.4 pp),
digital transaction usage (+41.2 pp), and overall revenue (+22.7%). These shifts persist
across all identification strategies, surviving even the high-dimensional DML
approach designed to handle complex nonlinear confounding.

Crucially, the treatment effects do not skew toward already-capable firms. They cluster
at the lowest end of the productivity distribution—impacting the exact micro-
enterprises traditionally locked out of India's formal economy. This specific
distributional profile confirms the underlying targeting logic of the convergence
model, setting it apart from standard enterprise development efforts.

Mediation analysis highlights that 71.4% of this financial inclusion impact stems from
demand-side mechanics—specifically, digital literacy gains and AI platform
adoption—rather than straightforward credit supply expansion. Such a finding pushes
(SRS IR SRS SRAER SRS AR SR SRS RS S R S AR S R s e
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back against the prevailing supply-side bias in MSME policy, suggesting that
capability-building holds more weight than previously assumed.

The Digi Mitra framework presents a viable, institutionally sound blueprint for
inclusive MSME growth. Delivering a 4.4:1 benefit-cost ratio and heavily benefiting
marginalized enterprises, it warrants serious consideration from the Ministry of
MSME, SIDBI, and state-level policymakers. Scaling this Al-enabled approach from a
localized pilot to a national infrastructure priority aligns tightly with the 2047 Viksit
Bharat development goals.

Subsequent research must test the longevity of these impacts through 7-to-10-year
follow-ups to measure firm survival rates. Introducing randomized rollout variations
will also help achieve cleaner identification absent quasi-experimental assumptions.
Finally, cross-country replication in comparable ecosystems across Southeast Asia,
Sub-Saharan Africa, and Latin America is necessary to determine the model's broader
external validity.
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Appendix A: Variable Definitions and Coding

Variable Name | Definition Source Scale
Formal Credit | Binary: 1 if enterprise received | Primary Survey | 0/1
Access formal bank/NBFC loan in past
12 months
Digital Share of total enterprise | Primary Survey |0-100%
Transaction Share | transactions conducted digitally
(UPI/card/net banking)
Log Revenue Natural log of annual gross | Primary Survey | Continuous
revenue (INR, 2019 constant | + GSTN
prices)
Digital Literacy | Composite index (0-100) of | Primary Survey | 0—100
Score digital skill competencies across
12 domains
Al Platform | Count index of Al/digital | Primary Survey |o0-1
Adoption Index platform tools adopted (0-8
scale, normalised)
Treatment 1 if enterprise accessed MSME | Programme 0/1
Digi Mitra pilot centre by survey | Records
wave
Internet Average download speed at | Primary Survey | Continuous
Connectivity enterprise premises (Mbps)
Owner Education | Years of formal education of | Primary Survey | Years
principal owner/manager
Enterprise Age Years since enterprise | Udyam/Survey | Years
establishment
GST Registration | 1 if enterprise registered under | GSTN 0/1
Goods & Services Tax
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Prior Bank Loan |1 if enterprise received any | Primary Survey | 0/1
formal bank loan before baseline

Geographic Index | Composite accessibility score | GIS-derived 0—100
based on distance to bank/post
office/internet café

Appendix B: Diagnostic Test Results

Test Statistic p-value Inference

Hausman Test (FE vs | ¥2(14) = 87.4 < 0.001 Fixed Effects preferred
RE)

Pesaran CD Test | CD=3.21 0.001 Mild cross-sec. dependence
(Cross-section

dependence)

Wooldridge Test | F(1, 86) = 4.78 0.032 Correct via clustering
(Serial correlation)

Levene Test | W = 8.94 < 0.001 Robust SE applied
(Heteroskedasticity)

Oster & Stability Test | § = 3.14 — Robust to unobservables
Placebo Test (Log |6 =0.009 0.812 No spurious detection
Revenue)

Pre-trends Test (4 |JointF =0.94 0.441 Parallel trends supported
lags)

Common Support | Trimmed: 98.7% | — Adequate overlap

(PSM)

DML Cross-fit | Max & across | — Stable across folds
Stability folds = 0.018
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