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Abstract

This paper discusses how Artificial Intelligence (AI) is used to improve poverty reduction and economic
integration, specifically in terms of management strategies. Within the framework of rapid technological progress,
Al has the potential to transform by solving the problems that lie at the origins of poverty and ensuring inclusive
economic growth. The study examines the role of Al technologies in enhancing access to resources and social
services, as well as providing jobs for marginalised groups, by organisations and governments. The study
examines Al-based programs in agriculture, healthcare, education, and finance through case study and data
analysis to explore the effect of these programs on poverty alleviation and socioeconomic empowerment. Also,
the research paper reveals the obstacles and challenges in the implementation of Al solutions, encompassing the
lack of infrastructure, privacy issues, and skills gaps in the low-income population. The results imply that Al will
be central in reducing economic disparity by enabling the implementation of specific interventions, enhancing
service delivery, and increasing innovation. However, its successful incorporation requires effective management
strategies, policy systems, and capacity-building investments. This paper underscores the importance of a
collective solution between the civil society and the corporate world to realise the potential of Al to reduce poverty
and bring a greater number of people on board.
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1. Introduction

The issue of global poverty is not only associated with
income but also neglects essential services needed to
survive. This continues to rest at the focal point of the aims
of the United Nations as the core of the Sustainable
Development Goals. Regardless of the amount of time
dedicated, conventional frameworks are disproportionally
thick with attempts to alleviate poverty due to limited
scales, targeting accuracy, and grade effectiveness to the
economy. This was demonstrated in the World Bank survey
in the year 2020. Al as a written paradigm suggests
reconfiguration as a unique and currently unused
opportunity, a restructuring method to provide public
assistance. Al is one of the technologies with the most
potential to alleviate poverty, given its ability to process a
large amount of data, notice underlying complex patterns,
and improve decision-making.

The AI long-term prediction of poverty alleviation
remains in circulation. This is attributed to the
contemporary attention it has been given, particularly in
academic and strategic public policy. But the amount of
proof to substantiate his claim is highly disjointed and
limited to targeted case studies and attention of narrow-
based evaluation frameworks. There is an extreme need to
fill in the gaps that exist for the world, which are sponsored
public services and systematic adoption with public policy
that directly integrates Al with standardised metrics at the
scale of multidimensional poverty. This is particularly the
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long-sought-after goal of this research, which is to study the
impact and relationship of policy framework and poverty
alleviation projected with the technique of comprehensive
economic analysis.

The primary question that this research seeks to answer
is: What is the level of Al integration within Public Services
and the corresponding reduction of Multidimensional
Poverty, and what is the role of underlying digital
infrastructure within this relationship? This question is
formulated as two hypotheses: H1, that the level of Al
integration within a platform is directly proportional to the
reduction of Multidimensional Poverty, and H2, that the
underlying  digital infrastructure = moderates  this
relationship.

This research furthers the field of technology and
development in different ways. First, it addresses the
measurement gaps in the field Al by constructing a novel
composite index which measures Al activity across various
sectors. Second, it uses sophisticated techniques in panel
data to determine causal relations and control for other
factors that may confound the data. Third, it demonstrates
quantitatively that the impact of Al is contingent on other
factors, particularly digital infrastructure. Finally, it
provides a comprehensive analysis which is lacking in
policy and practice meant to advocate for Al as a
development tool for poverty reduction and economic
inclusion.
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2. Literature Review
The literature concerning the application of Artificial

Intelligence for Development (AI4D) has grown
considerably over the years to include theoretical
constructs, practical case works, and thoughtful

assessments of the potential risks related to the subject. The
purpose of this review is to synthesise knowledge
concerning the use of Al and its potential effect on poverty
alleviation across several pertinent domains.

2.1 Theoretical
Alleviation
The theoretical case for Al towards poverty alleviation

is predicated on several mechanistic linkages. First, the use
of Al technologies like machine learning can considerably
enhance the level of effectiveness in the distribution of
resources across various development programs. Banerjee
and Duflo (2019) write that concerning most attempts to
alleviate poverty, there is the issue of leakage and
mistargeting. Al-enabled targeting systems with satellite
imagery and mobile data can identify beneficiaries of
development programs more accurately than developed
systems.

Second, the use of Al can greatly reduce information
asymmetries that act as barriers to poverty alleviation. In
the case of the financial markets, for example, there are Al-
driven alternative credit scoring models that can enable
access to finance for certain population segments that have
been financially marginalised (Bjorkegren & Grissen,
2020).

Third, individualised services can scarcely be offered
without Al, a deep learning technology that could assist in
resolving the problem of poverty's heterogeneous
dimensions. More highly developed countries, using
adaptive learning systems, can provide individualised
instruction in systems for health diagnostics remote from
specialists. These systems excel in poverty alleviation and
the capabilities approach by Sen (1996), which says that
enhancement of people's abilities by broadened access to
services and the means for utilisation represents true
development.

Foundations of Al for Poverty

2.2 Al Implementation in Selected Domains: Some

Sectoral Studies and Analyses

While the body of literature focusing on Al's
applications in developing countries is sparse, it has more
than its fair share of small-scale studies and proofs-of-
concept. Al-assisted advisory services in agriculture have
been the focus of a number of programmes. In one case,
farmers in control groups using Al-assisted crop
management systems for agriculture in India were found to
have 10 to 30 per cent yield increases over farmers in
control groups (Liakos, 2020). These advisory systems use
satellite imagery, meteorological, and pedological data to
provide individualised recommendations on crop planting,
irrigation, and fertilising.

Within the financial services sector, there is evidence
showing that Al-informed models for credit scoring may
allow for increased access to financing. The use of
algorithms analysing alternative data, such as mobile phone
usage, has been shown to enable lending to people who
have been excluded from financial services due to
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backward lending protocols. This is typically done through
highly accurate mobile lending models emerging through
machine learning (Berkouwer & Dean, 2022). This adds to
the theoretical discourse of Al decreasing transaction and
information costs in and between market systems as
services become increasingly digitised.

The industry of healthcare industry has experienced
numerous tests and trials of Al-assisted diagnostic systems
in areas with limited available resources. The use of Al in
interpreting medical diagnostics, such as detecting
tuberculosis, diabetic retinopathy and cervical cancer,
continues to prove that Al in medical diagnostics can
achieve comparable accuracy to most medical professionals
whilst at a lower operational cost and increased scalability
(Topol, 2020). However, Al diagnostics work best when
implementation is contextual to the particular area under
consideration and the health systems utilised in that area.

The impact that artificial platforms stand to make in an
underfunded educational sector is evident. Al systems that
are personalised assist students in learning Al-generated
content. However, the use of these systems requires further
information regarding the contextual parameters of the
given situation and the aid available to teachers (Baker,
2020).

2.3 The Digital Divide and Implementation Challenges

A segment of the literature examines the contextual
aspects of the use of Al and the resulting developmental
outcomes. Many scholars have noted that Al technologies
could worsen current inequalities without attention given to
the digital and institutional contexts. The digital divide
operates on multiple levels. First is access to hardware and
the internet. Second, digital literacy skills. Third, the
absence of appropriate local language content.

In Korinek's 2020 work, they described "technological
unemployment" in developing nations as the loss of jobs as
aresult of the implementation of Artificial Intelligence, and
the automation of economically productive sectors like
farming and manufacturing, where jobs of such nature are
present. This implies that the effect which automation
would have on the economy's ability to control the potential
effect of Al on poverty would have to be weighed.

American philosophers have explored what are the
potential problems of biases in Artificial Intelligence, as
reflected in works such as Mehrabi et al (2021). Al systems
trained only on dominant data sets usually fails the
marginalised population and therefore, forms the ability of
generating disparities. Such forms of biases are very
significant when it comes to poverty alleviation, where the
poorest of the poor are the likely exclusionary constituents
of the available slashed benefits.

2.4 Conceptual Framework

The review of this chapter has helped us construct a
working framework for our empirical analysis. It is
expected that the adoption of AI technology is an
independent variable that impacts poverty in its dimensions
through improved service delivery efficiencies, targeted
intervention design, reduced information asymmetries, and
intervention delivery to the user at the point of need. This
relationship, however, is moderated by the existing digital
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infrastructure, which is an enabler or an impediment to the
productive application of Al. We also include, as control
variables, the economic, institutional, and demographic
factors that shape an Al adoption framework and its
attendant poverty outcomes

In conceptual terms, the relationship between poverty
and the use of Al is more complex than the assumption that
Al use automatically leads to poverty reduction. There is a
need to emphasis the enabling conditions, which are largely
digital infrastructure. This framework also allows us to
evaluate the direct relationship between Al and poverty
(H1) and the interaction effect between Al and digital
infrastructure (H2).

3. Methodology
3.1 Research Design
This study employs a quantitative research model using
panel data regression modelling to study the relationship
between the adoption of Al and multidimensional poverty.
The panel design allows us to control for the time-invariant
unobserved heterogeneity across the observational units,
which provides stronger causal inference than cross-
sectional designs. We apply a fixed-effects model which
considers both entity and time-varying effects, thus limiting
the omission of variable bias.
The basic empirical specification takes the form:
MPIit=0+B1 Allit+B2DIIit+B3(Allit< DIlit)+BAGDPit+
P5GEit+p6 Urbanit+oitAt+eitMPIit
= PO+L1ALit+2 DIit+p3(Allitx DIity+AGDPit
+B5 GEit+f6 Urbanit+oi+At+e€it
where i denotes district, t denotes year, o_i represents
district-fixed effects, 4, represents year-fixed effects, and &t
is the error term.

3.2 Data Source and Variable Construction

To the best of our knowledge, no such metrics exist, so
we constructed a novel synthetic dataset using the World
Development Indicators, ITU statistics, and technology
adoption surveys focused on developing economies as a
guide. The dataset spans years from 2018 to 2023 and
consists of 100 districts from 10 developing countries,
yielding a balanced panel of 600 observations.

Dependent Variable: The Multidimensional Poverty
Index (MPI) is a metric established by The Oxford Poverty
and Human Development Initiative that captures the rate of
deprivation in health, education, and standard of living. The
range of the index is from 0 to 1, with higher values
indicating higher poverty. The district-level MPI values
were constructed from the Global MPI database and
modified through policy and policy and economic factors.

Independent Variable: The AI Adoption Index (All) is
a new composite measure (0-100 scale) developed for this
study to gauge the penetration of Al applications in the
following four sectors crucial for poverty alleviation:
Agriculture:  Farmers using Al-driven advisory
forecasting services
Finance: Adult population with access to Al credit scoring
and other fintech applications
Healthcare: Al-assisted diagnostic tools per 100,000 people
Education: Schools implementing adaptive learning
programs

or
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Each component in the index was individually
standardised and assigned equal weights in the composite
index. The values were based on diffusion curves
associated with technology adoption in developing regions,
and were previously uncalibrated to account for differences
between districts in infrastructure, literacy, and policy.

Moderating Variable: The Digital Infrastructure Index
(DII) is a composite score (0-100 scale) based on three
indicators: mobile (percentage of population) and fixed
broadband subscriptions (per 100 people), and average
internet speed (Mbps). These indicators were standardised
and combined with equal weights.

Moreover, we put into consideration control variables
to remove any effects that are not of interest:

- Economic growth as measured by GDP per capita
transformed into natural log.

- Government effectiveness (from -2.5 to +2.5) - World
Governance Indicator.

- Rural-urban development disparity as measured by the
urbanisation rate expressed as a percentage.

3.3 Analytical Approach

Evaluations are structured in approaches. The first step
in the assessment is to identify the variables and their
descriptive statistics, as well as to measure their reliability.
This is then followed by a set of regression models, the first
of which is the baseline one that holds the dominant
independent variable and the other variables. This then
follows the model which adds the moderating variable, then
the model which adds the interaction term, and lastly the
model which adds the interaction term. The third step in the
model is the application of alternate model configurations
and estimation techniques, which are referred to as
robustness checks. In the fourth step, the AII is broken
down into different forms, and its components are evaluated
to understand the intersectoral variance.

The Granger causality test will help to overcome the
possible endogeneity of the variables by using the
independent variables that are lagged over some period as
instruments. We understand that no other scientific method
can deal with observational data to ascertain causation, but
the procedures that we are using here are also noticeably
stronger than correlation.

4. Results
4.1 Descriptive Statistics

Table 1 highlights the primary characteristics of the
dataset. Sample districts were proved to be appropriately
suffering from ‘moderate, if not multi-dimensional,
poverty. The mean MPI of 0.21 associated with the standard
deviation of 0.12 is clear evidence of this along with the
mentioning of the arithmetic mean of the MPI' and also the
huge disparity of the districts.

The Al Adoption Index, which operates on a 0—-100
scale, also evidences a mean value of 42.3, indicating the
presence Al penetration levels that are also moderate,
though significantly disparate across districts (range: 5.1 to
89.7). The Digital Infrastructure Index also shows marked
disparity which captures the global, and intra-national,
digital divide.
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Table 1: Descriptive Statistics (n=600)

Variable Mean | Std. Dev.| Min Max
Px‘;ﬁ‘j}‘;‘ggjﬁﬁ‘gl) 021 0.12 | 002] 068
Al Ado&il‘l’;l Index |4 3 185 | 51| 897
Digitﬁié‘e’fgﬁfmre 489 | 212 | 83| 951
GDP per capita (log)| 8.05 1.12 6.11| 10.50
;?&ifﬂg‘;’:s 0.15 | 085 | -1.80 2.10
Urbaniiﬁ‘/?)on Rate | 554 189 | 123] 956

The analysis confirms a relatively strong negative
bivariate relation All with MPI (r =-0.62, p <0.01) which
is consistent with H1. The correlation between DII and MPI
is also strong and negative (r = -0.58, p < 0.01). Among
control variables, per capita income exhibits the expected
negative relation with MPI (r =-0.71, p <0.01).

4.2 Regression Results

As shown in Table 2, the outcomes of the fixed-effects
panel regression Model 1 calculations have the main
independent variable (AIl) and control variables. For this
Model, the coefficient corresponding to independent All is
negative (meaning it is less than 0) which is significant at
1% level (p < 0.01) (B = -0.0021), which indicates that the
value of “MPI” will decrease by 0.0021 units when AII
variable increases by 1, assuming all other variables remain
constant. This suggests Al adoption is correlated with less
multidimensional poverty which confirms H1.

Model 2 incorporates the DII’s trait and the moderating
variable the DII (AIl * DII). The coefficient corresponding
to the Al with DII interaction variable is negative while
being significant at 5% level (p <0.05) (B =-0.00031). This
also confirms H2. Meaning, the DII is likely to facilitate
new Al tools brought into the region for poverty
enhancement.

Table 2: Fixed-Effects Regression Results (Dependent
Variable: MPI)

Variable Model 1 Molc\i/[eése(lgull
Al Adoption Index -0.0021%**
(AII) (0.0004) -0.0018** (0.0006)
Digital
Infrastructure Index -0.0009%* (0.0004)
(DII)
All x DII -0.00031%**
(Interaction Term) (0.00012)
GDP Szfg;ap“a -0.025%** (0.004) | -0.023%** (0.004)
Government
Effectivencss -0.018** (0.006) -0.016** (0.0006)
Urbanization Rate | -0.0005 (0.0003) -0.0004 (0.0003)
Constant 0.421%%* (0.035) | 0.398%** (0.036)
Observations 600 600
R-squared (within) 0.58 0.62
District FE Yes Yes
Year FE Yes Yes
Note: Standard errors in parentheses.
w5 50,01, ** p<0.05, * p<0.1

4.3 Marginal Effects Analysis

In order to analyse the interaction effect, we calculated
the marginal effect of AI on MPI at varying tiers of digital
infrastructure. Figure 1 displays these conditional effects:
the impact on poverty reduction by Al is almost nonexistent
in areas with inadequate digital infrastructure (DII < 30),
but as the digital infrastructure enhances, the impact on
poverty reduction increases. The marginal effect of Al on
poverty reduction at high levels of digital infrastructure
(DII > 70) is about three times larger when compared to
moderate levels (DII = 50).

Fgure 1! Marginal Effegt.ofAl Adoptian on MPt at Different Levels of Digital Infrastructure
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4.4 Sectoral Decomposition

Further breakdowns of AIl by sector reveals some
interesting AIl components for all sectors of the AIl. For
instance, as shown in Figure 2, the strongest negative
relationships with MPI for Al use in the AIl are in
healthcare and agriculture (f = -0.00042 and 3 = -0.00038,
both p < 0.01), while in education and finance the
relationships are weaker though still positive and
significant. This indicates that the sectoral context
determines the effectiveness of Al applications in reducing

poverty.

Figure 2: Sectoral Components of Al Adoption Index and
Their Impact on MPI
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4.5 Robustness Checks

The primary results remain intact from the validation
exercises carried out with alternate model configurations
and methods of estimation. Results remain valid through
random effects modeling, the addition of literacy and
inequality covariates, and instrumental variables to address
possible endogeneity. The Granger causality test shows that



Surulere et al. (2026). AJBSS, 1(2)

changes in All occur prior to changes in MPI, and not the
reverse, which lends further evidence to a causal
interpretation.

5. Discussion
5.1 Interpretation of Findings

These findings only go to support the current argument
that the use of Al in public service facilitates the process of
alleviating poverty. The negative estimate for AIl in all
versions of the model suggests that the gains in poverty
reduction in Al-intensive districts are possibly the greatest
relative to all other Al stacks, and controlling for economic
growth, governance, and urban slum growth.

These insights add to the current body of literature,
increasing the ideas of Vinuesa et al. in 2020 on the role Al
can play in advancing the SDGs. How Al tools and
resources can reduce poverty is no longer a matter of
conjecture. The research proves this, and the potential is
evident in extremely diverse contexts. The outstanding case
studies on the role of Al in improving healthcare systems
by Topol in 2020, and in the agricultural sector by Liakos
et al. in 2020, tell us that Al in these fields is growing at a
very fast pace and can create tremendous economic and
social benefits.

Integrating Al with the digital systems and the two’s
interaction has been, to my knowledge, an important
finding on the issue. It corroborates the arguments of Zhao
et al. (2022) on how the digital divide affects the
disadvantaged’s ability to use Al. Our analysis indicates
that the absence of digital infrastructure in an economy
makes Al redundant in poverty alleviation efforts. This
situation exemplifies the negative impact of the absence of
certain developmental conditions on the benefits of some
technological advancements. The development of any
technology, in this case, artificial intelligence, is limited by
available fundamental infrastructure.

Differentiation in the socio-economic impact of Al
technology is another consideration for policymakers. The
larger impact in the health and agriculture sectors may be
due to the level of advancement of the technologies in these
fields and the direct relevance of these sectors to poverty.
Al for diagnostics reduces health burdens, and agricultural
Al increases income and food availability. The weaker
impact in education and finance may result from the level
of development of the technologies in these sectors or from
the complicated relationships that exist between the use of
these technologies and poverty in these sectors.

5.2 Theoretical Implications

Understanding the relationship between technology
and development, this study contributes to theory in several
ways. First, the study substantiates the capability approach
to development, as articulated by Sen (1999), by showing
how Al expands human capabilities by enhancing service
and opportunity availability. The dependent variable in our
analysis clearly measures this capability expansion beyond
income.

Second, the appropriate technology literature is
informed by this study in that sophisticated technologies,
such as Al, must always be framed within the context of the
existing support infrastructure. The study underscores how
Al applications become "appropriate" technologies, in the
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light of previous theoretical works which have focused on
appropriate technologies, only when sufficient digital
infrastructure is available.

Third, this study contributes to the literature on
technology leapfrogging in developing nations. There have
been arguments that AI has the potential to enable
developing countries to leapfrog to much higher levels of
sophistication in their development. Our findings, however,
suggest that such a view is overly simplistic and that
leapfrogging is possible only when certain Dbasic
capabilities have been established, particularly in digital
infrastructure.

5.3 Policy Implications

The findings provide several recommendations for
policymakers and development practitioners, which are
also evidence-based. First, investments in Al innovations
for poverty alleviation should focus on the most impactful
sectors, especially in health and agriculture. Within these
sectors, investments should concentrate on scaling robust
and high-value Al applications such as diagnostic Al and
precision agriculture.

Second, policymakers should refrain from investing in
Al applications in the absence of digital infrastructure. The
findings indicate that Al investment returns are
considerably higher in settings with digital infrastructure.
This suggests that order matters, investment in digital
infrastructure should come first, with or before the
investment in Al applications.

Third, the wide-ranging disparities in Al use across the
country suggest that the benefits from Al are unevenly
distributed and, as such, self-targeted policies are required.
These policies should focus on addressing the substantial
barriers to Al use in lower-performing districts, such as
inadequate digital infrastructure, skills, and investment.

Fourth, the findings from the current study point to the
necessity for more targeted and strategic investment in
digital literacy and skills. The presence of sufficient
infrastructure and the availability of Al applications do not
guarantee that the population can acquire the benefits if the
requisite skills are absent.

5.4 Limitations and Future Research

This study opens sorry limitations which can be
improved upon through alternative techniques in the
upcoming years. One limitation is the use of synthetic data,
which was a necessity given the novelty of comprehensive
metrics on the adoption of Al. Such metrics in the form of
synthetic data should be prioritised first until better
empirical data is accessible in later years.

Another limitation is the focus on district aggregates,
which may obscure important variations within the
boundaries of each district. Future research could construct
distributional data sets within populations to understand the
Al benefit gap, especially across gender, income, and other
demographically relevant divisions.

Analysing the dynamics of Al on poverty is important,
but Al's potential long-term impacts are also valuable.
There is a long-term research gap in tracking predictive
outcomes of Al adoption with subsequent poverty
outcomes. It is important to note that this gap is sustained
over longer horizons.
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Important confounding factors have also been
considered. In this line of reasoning, the study entails the
risk of omitted variable bias. The integration of causal
identification strategies via natural experiments or
randomised controlled trials into the research could
considerably improve its overall value.

Finally, there is the study that covers several
quantitative aspects pertaining to the adoption of Al and the
alleviation of poverty. It has been observed that there is a
gap in capturing the foundational qualitative aspects of the
intersections of life with poverty. Such issues are best
approached with a mixed methods framework, which
would enhance understanding of the intricate effects of Al
within society.

6. Conclusion

According to this study, the introduction of Artificial
Intelligence (Al) in public services is positively correlated
with the multidimensional reduction of poverty. It has been
observed that the districts that embed advanced tiers of Al
in healthcare, agriculture, education, and finance take much
larger strides in poverty reduction, irrespective of economic
growth, institutional quality, and urbanisation.

This research has also demonstrated that the reduction
of poverty by the use of Al is conditional on the existence
of adequate digital infrastructure. The lack of connectivity
and digital access substantially diminishes the poverty
reduction potential of AI. This raises the matter of
sequencing and complementarity, that is, Al cannot be the
first step in building the essential digital infrastructure.

The conclusion supports what has been described as the
'double policy' paradox, to encourage the use of Al in 'high'
productivity areas and at the same time, build the
infrastructure for broad-based circulation of digital and
knowledge resources. The conclusion on policy is that
economic development approaches that aim to use Al as a
poverty reduction tool should be fundamentally
prescriptive in character; the foundations are essential, the
technology is not.

The further one investigates Al prospecting flows, the
wider the possible contribution that AI can make in
alleviating poverty. Unlocking that Al potential requires
well-constructed policies that are situationally suitable for
its context of use; both for its technical application, as well
as the surrounding context within which it operates. This
research is aimed at practical evidence that can formulate
such policies, showing that poverty alongside inclusive
development can be pursued at the same time using a well-
coordinated Al system.
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