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Abstract: Artificial Intelligence (Al) is becoming increasingly embedded in the operational architecture of digital
platforms, particularly in e-commerce, where firms rely on algorithms to coordinate logistics, pricing, customer
interaction, warehousing, and workforce allocation. Yet, higher technology expenditure does not necessarily imply
greater operational efficiency. The more relevant question is whether Al has been integrated deeply enough into
routine production processes to generate measurable productivity gains.This study examines the relationship
between Al adoption maturity and technical productivity across Indian e-commerce platforms. Firm-level data
were collected through a structured survey of 100 e-commerce enterprises operating across asset-light
marketplaces, inventory-led platforms, and specialised fulfilment networks. Al adoption is measured through a
five-dimensional Capability Maturity Model covering logistics optimisation, conversational Natural Language
Processing (NLP), dynamic pricing, warchouse automation, and algorithmic labour management. These
dimensions are combined to form a continuous Al Adoption Index ranging from 0 to 20. An Ordinary Least
Squares (OLS) log-linear production model is then estimated using current operational Gross Merchandise Value
(GMV) as the output measure, while controlling for capital intensity, gig-worker density, firm age, and historical
productivity. The results indicate a positive and statistically significant relationship between Al maturity and
platform productivity. A one-point increase in the Al Adoption Index is associated with an estimated 6.10%
increase in technical productivity (B1 = 0.06095, p < 0.001). Historical productivity is also strongly associated
with current output (B5 = 0.92285, p < 0.001), highlighting the importance of accumulated organisational scale
and prior performance. In contrast, general IT capital intensity and gig-worker density do not exhibit statistically
significant direct effects. The model explains 99.32% of the observed variation in the dependent variable
(Adjusted R? =0.9932). The findings suggest that productivity gains are associated less with technology spending
in isolation and more with the extent to which Al becomes embedded in core operational processes. The study
contributes to the literature on digital transformation by demonstrating how functional Al capability, rather than
technology expenditure alone, can shape productivity outcomes in India's platform economy.
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1. Introduction

The rapid expansion of India's digital economy has placed e-commerce platforms at the centre of retail
distribution, transaction processing, logistics coordination, and employment generation. As these platforms have
expanded beyond major metropolitan markets into regional and smaller urban centres, their operating models have
increasingly relied on digital technologies to coordinate activities that were previously managed through physical
infrastructure and human supervision.

Machine learning, Natural Language Processing (NLP), computer vision, predictive analytics, and algorithmic
routing are now used across several stages of platform operations. These technologies influence how orders are
allocated, how delivery routes are determined, how prices respond to market conditions, how customer queries
are handled, and how warchouse activities are coordinated. As a result, productivity in platform businesses
increasingly depends not only on the quantity of labour and capital employed, but also on the sophistication with
which digital technologies are incorporated into everyday operations.
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This development raises an important question in production economics: does investment in digital technology
necessarily translate into higher productivity? The question is closely related to the productivity paradox
associated with information technology. Earlier research showed that large investments in computing did not
always produce immediate improvements in measured productivity, partly because organisational restructuring
and complementary capabilities were required before technological investments could generate measurable
returns. Similar concerns remain relevant in contemporary Al adoption.

For e-commerce platforms, the distinction between technology expenditure and technology capability is
particularly important. A firm may spend substantially on software, cloud infrastructure, or data systems without
fundamentally changing how its operational processes are performed. Conversely, a platform with a more
moderate technology budget may achieve significant productivity improvements if Al systems are integrated
directly into logistics, pricing, customer service, warehousing, and labour coordination.

Against this background, the present study examines the relationship between functional Al adoption maturity
and technical productivity among Indian e-commerce enterprises. The analysis focuses on whether deeper Al
integration is associated with greater operational output after accounting for capital intensity, workforce
composition, organisational age, and historical productivity.

The study uses firm-level survey data from 100 Indian e-commerce enterprises and develops a five-dimensional
Al Capability Maturity Index. The index captures Al deployment across logistics optimisation, customer
communications, pricing architecture, warehouse automation, and algorithmic labour management. Productivity
is measured using Gross Merchandise Value (GMV), which provides a common output measure for platforms
operating under different business and accounting structures.

The empirical contribution of the study lies in distinguishing functional Al capability from general IT
expenditure. This distinction allows the analysis to examine whether productivity is associated with the actual
operational integration of Al rather than simply with the financial resources allocated to information technology.

2. Literature Review and Theoretical Framework
2.1 Al Adoption and the Production Function

Classical production theory conceptualises firm output as a function of capital and labour, with technological
progress captured through total factor productivity (Cobb & Douglas, 1928; Solow, 1957). Digital technologies
have expanded this framework by introducing software, data, computing infrastructure, and algorithmic systems
as increasingly important inputs into production.

Brynjolfsson and Hitt (2003) demonstrate that information technology can contribute to firm-level productivity
when accompanied by complementary organisational changes. Their argument is particularly relevant to Al
because Al systems rarely operate as independent inputs. Their productivity effects depend on how effectively
they are connected to organisational processes, human decision-making, and operational data.

Recent evidence further suggests that Al can influence firm growth and competitive structure by expanding
productive capacity and improving the efficiency of decision-making (Babina et al., 2024). In digital platforms,
these effects may be especially pronounced because the underlying business model already depends heavily on
data, computational infrastructure, and real-time coordination.

Al can therefore be viewed as a productive capability that changes the way existing labour and capital resources
are combined. In an e-commerce setting, an algorithm that optimises delivery routes can increase the number of
transactions handled by a given workforce. Similarly, automated customer support can reduce the volume of
routine interactions requiring direct employee intervention, while dynamic pricing systems can respond to
changing demand conditions more rapidly than conventional pricing processes.
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The central theoretical proposition of this study is consequently that AI maturity can function as an efficiency-
enhancing technological capability when it becomes embedded within core production and coordination
processes.

2.2 Measuring Capability Maturity in Platform Operations

The measurement of Al adoption presents a methodological challenge. Binary measures, such as whether a firm
uses Al or not, provide limited information about the depth of technological integration. Similarly, expenditure-
based measures capture financial commitment but do not necessarily reveal how technology is used operationally.

Capability maturity measures provide an alternative approach by focusing on observable stages of technological
implementation. Building on Capability Maturity Model principles and their application to digital capabilities
(Mikalef, Pateli, & van de Wetering, 2023), this study evaluates Al integration across five operational domains.

First, logistics optimisation captures the use of dynamic routing and automated dispatch systems (Jabagi et al.,
2023). Second, customer communications reflects the adoption of conversational NLP and automated ticket
handling (Brynjolfsson, Li, & Raymond, 2023). Third, pricing architecture captures dynamic pricing and
algorithmic transaction processing (Boone et al., 2024). Fourth, warehouse automation reflects the integration
of computer vision and automated material-handling systems (de Vargas et al., 2024). Finally, algorithmic labour
management captures automated task allocation, performance monitoring, and workforce coordination (Parent-
Rocheleau & Boudreau, 2023).

Each dimension is scored from 0 to 4, where 0 indicates the absence of the relevant capability and 4 represents
fully autonomous execution. The resulting index therefore captures the extent to which Al has moved from limited
or experimental use toward integration into operational decision-making.

2.3 Productivity Measurement in Multi-Sided Digital Platforms

Measuring productivity in platform businesses is more complicated than in conventional firms because platforms
may operate under different revenue recognition models. An inventory-led retailer, for example, may record
transactions differently from an asset-light marketplace that primarily facilitates transactions between buyers and
sellers.

Gross Merchandise Value (GMV) provides a more consistent measure of platform-level economic activity because
it captures the total value of transactions facilitated through the platform during a specified period. Babina et al.
(2024) similarly emphasise the importance of considering platform-level output and growth when evaluating the
economic consequences of Al adoption.

In this study, current GMV is therefore used as the principal output measure. Its natural logarithm forms the
dependent variable in the production model.

3. Research Hypotheses
The theoretical framework leads to the following hypotheses.
H1: AI Adoption and Productivity

Higher functional Al adoption maturity is positively associated with firm-level technical productivity, after
controlling for historical productivity, capital intensity, workforce composition, and firm age.

HO: Null Hypothesis

Functional Al adoption maturity has no statistically significant association with firm-level technical productivity

(B1=0).
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H2: Historical Productivity and Current Output

Historical technical output provides a significant baseline for current platform productivity, reflecting the path-
dependent nature of digital platform growth.

4. Research Methodology
4.1 Research Design and Sampling

The study uses a quantitative, firm-level research design based on primary survey data. Data were collected
through a structured executive questionnaire administered to Chief Technology Officers, Operations Heads,
Logistics Managers, and Data Science Leads working in Indian e-commerce organisations.

A stratified sampling approach produced 100 valid firm-level observations. The sample includes asset-light
marketplaces, inventory-led e-commerce platforms, and specialised fulfilment and logistics networks operating
across Tier-1 metropolitan areas and wider national markets.

4.2 Measurement of Variables
Dependent Variable: Current Technical Productivity

Current technical productivity is measured using the natural logarithm of GMYV processed by platform f over the
preceding 12 months:

GMV is used because it provides a common measure of platform-level transaction activity across different e-
commerce business models.

Independent Variable: Al Adoption Index
The AI Adoption Index is constructed from five functional dimensions:

Each dimension receives a maturity score between 0 and 4. The five dimensions are logistics, customer
communications, pricing, warechouse operations, and labour management.

Control Variables
The analysis incorporates four sets of controls.

Capital intensity represents the proportion of annual operational expenditure allocated to IT infrastructure and
machine learning.

Gig-worker density is measured as the proportion of active contractual gig workers within the total active
workforce.

Firm age is represented through categorical indicators, with firms operating for less than five years serving as the
reference category.

Historical productivity is measured using the logarithm of lagged GMV.

The inclusion of historical output is intended to account for differences in pre-existing platform scale and
productivity. It should, however, be interpreted as a control for historical performance and path dependence rather
than as a standalone solution to all potential endogeneity concerns.

4.3 Econometric Specification
The following OLS log-linear model is estimated:

Here, $\beta 1§ captures the estimated semi-elasticity of current technical output with respect to a one-point
increase in the Al maturity index.
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5. Empirical

Results

5.1 Descriptive Statistics

The sample contains 100 firms with considerable variation in both operational scale and Al adoption.

Variable Mean Std. Dev. |[Minimum|Median |[Maximum
GMYV Current () 19,308,822 123,736,921 |(1,180,294 ||9,520,194 |89,230,145
GMYV Lagged (%) 103,115,108]{126,897,945|(9,197,416 ||57,280,294|(631,457,340
Al Index 9.380 3.292 2.000 9.000 16.000
Capital Intensity (%)|[19.467 7.199 5.200 19.650 31.900

Gig Density 0.596 0.180 0.300 0.580 0.930

The Al Index has a mean of 9.38 and a standard deviation of 3.29, indicating meaningful variation in the degree
of Al integration across the sampled platforms.

5.2 OLS Regression Results

The estimated model produces a strong overall fit, with an $R*2$ of 0.9937 and an adjusted $R”2$ of 0.9932.
The overall F-statistic is 2062 and is statistically significant at $p < 0.0018$.

Variable Coefficient|SE t-statistic||p-value
Intercept -1.14059 {|0.18603(]-6.131  |[<0.001
Al Index 0.06095  (|0.00518(]11.766  |[<0.001
Capital Intensity 0.04886  {|0.03556}|1.374 0.1727
Gig Density -0.02349  {|0.09905(]-0.237  ||0.8130
Firm Age: 5 to 10 years ||-0.01026 {|0.02787(]-0.368 0.7137
Firm Age: 11 to 20 years||-0.06065 |(0.03390||-1.789  {|0.0769
Firm Age: >20 years -0.05860 {|0.04117(]-1.424  ]|0.1580
Lagged Productivity 0.92285  [|0.01268|[72.764  {[<0.001

The coefficient for Al maturity is positive and highly statistically significant. The estimate of 0.06095 indicates
that, within the specified log-linear model, a one-point increase in the Al Index is associated with approximately
a 6.10% increase in current technical productivity, holding the other included variables constant.

Historical productivity has an even larger estimated coefficient of 0.92285 and is statistically significant at the 1%
level. This finding points to a strong relationship between previous platform scale and current output.
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5.3 Econometric Diagnostics
Several standard diagnostic tests were reported for the OLS specification.

The variance inflation factor values remain below the conventional threshold of 5, with the reported VIF for the
Al Index equal to 1.34 and that for capital intensity equal to 1.12. These results do not indicate serious
multicollinearity.

The Durbin-Watson statistic is 1.98 with a reported p-value of 0.884. The Breusch-Pagan statistic is 6.42 with p
= 0.491, while the Shapiro-Wilk statistic is 0.984 with p = 0.274. Taken together, the reported diagnostics do not
identify major departures from the conventional OLS assumptions examined in the study.

6. Discussion
6.1 AI Maturity and Platform Productivity

The principal finding is the positive association between Al maturity and current technical productivity. The
coefficient of 0.06095 is statistically significant at p < 0.001, providing strong empirical support for HI.

The result suggests that productivity gains are associated with the depth of operational Al integration. In an e-
commerce environment, Al can influence several interconnected processes at the same time. Automated routing
can reduce unnecessary travel and improve delivery coordination, dynamic pricing can respond to changing
demand conditions, NLP systems can absorb routine customer-service interactions, and algorithmic dispatch can
improve the allocation of tasks across workers.

The finding is consistent with the broader argument that digital technologies generate stronger productivity effects
when they are accompanied by organisational and process-level changes (Brynjolfsson & Hitt, 2003). It also
complements recent evidence that Al investment can influence firm growth and productive capacity (Babina et
al., 2024).

Importantly, the result should not be interpreted as evidence that every form of Al expenditure automatically
produces equivalent gains. The explanatory variable measures functional maturity rather than spending alone. The
distinction is central to interpreting the empirical relationship.

6.2 Historical Scale and Path Dependence

The coefficient on lagged productivity, 0.92285, is highly significant. This indicates a strong relationship between
historical platform output and current output. In practical terms, firms that already operate at a larger scale tend
to maintain a substantial advantage in current transaction capacity.

This result is consistent with the path-dependent nature of digital platforms. Established platforms often possess
larger user networks, richer transaction histories, more extensive operational data, and greater organisational
experience. These accumulated advantages can reinforce current performance.

The lagged productivity variable therefore provides an important control for historical scale. However, its
inclusion should not be interpreted as completely eliminating endogeneity or reverse causality. The positive Al
coefficient remains informative about conditional association, but stronger causal identification would require an
identification strategy beyond the present cross-sectional OLS design.

6.3 Technology Spending versus Technological Capability

One of the more interesting findings is the difference between the Al maturity coefficient and general capital
intensity.
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Capital intensity has a positive coefficient of 0.04886, but the estimate is not statistically significant (p = 0.1727).
By contrast, the Al maturity coefficient is statistically significant at p < 0.001.

This contrast suggests that the financial allocation of resources toward IT infrastructure is not, by itself, sufficient
to explain productivity differences across platforms. What appears to matter more strongly in this sample is
whether technology has been translated into functioning operational capabilities.

This finding provides an empirical perspective on the continuing productivity debate surrounding digital
technologies. Technology creates value when organisations redesign processes around it rather than simply
acquiring additional technological resources.

6.4 Workforce Composition

Gig-worker density has a coefficient of -0.02349, but the relationship is statistically insignificant (p = 0.8130).
The result does not provide evidence that a higher proportion of gig workers, considered independently of the
platform's technological architecture, is associated with a systematic change in technical productivity.

This finding suggests that contractual workforce structure should not be treated as a direct substitute for
technological capability. The operational effects of flexible labour arrangements may depend on how workers are
integrated into the platform's algorithmic coordination systems.

6.5 Organisational Age

The firm-age coefficients are generally statistically insignificant. The 11-to-20-year category shows a weak
negative association at the 10% level (p = 0.0769), whereas the other age categories do not reach conventional
significance levels.

The limited role of firm age is noteworthy because it suggests that organisational longevity alone does not explain
current productivity once historical output, Al maturity, capital intensity, and workforce composition are
considered.

7. Implications
7.1 Theoretical Implications

The findings contribute to the literature on technology adoption and productivity by distinguishing between
technology ownership and technology capability. Traditional expenditure-based indicators can show whether a
firm has committed financial resources to digital infrastructure, but they provide limited insight into how deeply
that infrastructure has been integrated into operational processes.

The capability maturity approach used in this study offers a more process-oriented perspective. It treats Al not
simply as an investment category but as an organisational capability that develops through identifiable stages of
implementation.

The findings also extend the application of production-function thinking to digital platforms, where algorithmic
systems increasingly mediate the relationship between labour, capital, and output.

7.2 Managerial Implications

For e-commerce managers, the results suggest that investment strategies should focus on operational integration
rather than technology acquisition alone.

Resources may generate greater returns when directed toward systems that become part of everyday operational
decision-making, including:

. automated delivery routing;
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. dynamic pricing;

. NLP-supported customer service;
. warehouse automation;

. algorithmic workforce allocation.

Moving from isolated technology pilots toward integrated operational systems may therefore be more important
than simply increasing the size of the technology budget.

7.3 Policy Implications

The findings also have implications for India's broader digital transformation agenda. Al-enabled productivity
improvements depend on organisational capabilities, digital infrastructure, data availability, and appropriate
workforce skills.

Public policy can support these developments by improving digital infrastructure, promoting responsible Al
adoption, strengthening digital skills, and encouraging smaller firms to access advanced technological capabilities.
At the same time, productivity-oriented Al policy should remain attentive to the labour implications of algorithmic
management, particularly in sectors where platform technologies directly influence employment conditions.

8. Limitations and Future Research
Several limitations should be considered when interpreting the findings.

First, the study is based on 100 firm-level observations. Although the sample provides useful evidence from Indian
e-commerce platforms, a larger and more diverse sample would improve the external validity of the findings.

Second, the analysis relies on cross-sectional OLS estimation. The inclusion of lagged productivity helps account
for historical differences in platform scale, but it does not fully resolve concerns regarding omitted variables,
simultaneity, or reverse causality. Future studies could employ panel data, instrumental-variable approaches,
difference-in-differences designs, or other identification strategies capable of providing stronger causal evidence.

Third, the AI Index is based on reported organisational capability maturity. Although the measure is more
informative than a simple binary indicator, future research could combine survey responses with administrative
technology-use data, software deployment records, or independent technical audits.

Finally, the present study focuses on platform-level productivity. This leaves open an important question
concerning how productivity gains are distributed across workers. Future research could connect the firm-level
Al maturity index with worker-level data to examine changes in routine task intensity, displacement risk, earnings,
and employment conditions across customer care, warechouse operations, and last-mile logistics. This would
provide a more complete account of both the productive and labour-market consequences of Al adoption.

9. Conclusion

Artificial Intelligence is becoming an increasingly important component of production and coordination within
India's e-commerce sector. The evidence presented in this study suggests that the productivity implications of Al
depend less on technology expenditure alone and more on the extent to which Al capabilities are integrated into
core operational processes.

Using firm-level data from 100 Indian e-commerce enterprises, the study finds a positive and statistically
significant association between Al adoption maturity and technical productivity. A one-point increase in the Al
Adoption Index is associated with an estimated 6.10% increase in current technical productivity, while lagged
productivity shows a strong relationship with current output.
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The absence of a statistically significant relationship between general IT capital intensity and productivity is
equally important. It indicates that acquiring technological resources does not automatically produce operational
gains. Instead, firms appear to benefit when Al is incorporated into logistics, pricing, customer interaction,
warehousing, and workforce coordination in ways that change how work is actually performed.

The study therefore shifts attention from how much firms spend on technology to how deeply they integrate it
into production. This distinction is particularly relevant for digital platforms, where algorithms increasingly
function as part of the organisational infrastructure through which labour, information, and transactions are
coordinated.

The broader implication is that Al adoption should be understood as an organisational transformation rather than
simply a technology investment. Future research that connects firm-level Al capability with worker-level
outcomes can extend this analysis by examining whether productivity gains are accompanied by changes in task
composition, employment stability, earnings, and the distribution of economic value across India's evolving
platform economy.
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