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Abstract: The rapid growth of artificial intelligence (AI) is reshaping e-commerce by transforming customer interaction, 
business decision-making, and operational management. This study examines the effectiveness of AI 
integration in the development of e-commerce in Uzbekistan, with particular attention to personalization, 
recommender systems, conversational AI, predictive analytics, visual search, dynamic pricing, and logistics 
optimization. The research is based on a mixed-methods approach combining systematic desk research and 
expert interviews with representatives of e-commerce platforms, digital transformation specialists, logistics 
providers, payment experts, and regulatory stakeholders. The findings show that AI-driven personalization is 
one of the most effective tools for improving customer engagement, shortening purchase decision cycles, and 
increasing conversion rates. At the same time, social commerce and hybrid human-AI customer support 
models play an important role in building consumer trust in the Uzbek digital market. However, the full impact 
of AI adoption is limited by logistics constraints, uneven digital infrastructure, limited AI talent, and emerging 
data-governance challenges. The study concludes that successful AI integration in Uzbekistan’s e-commerce 
sector requires coordinated investment in digital infrastructure, payment systems, logistics modernization, AI 
skills development, and transparent regulatory mechanisms. These measures can support more inclusive, 
efficient, and sustainable growth of the national digital economy. 

1 INTRODUCTION 

The convergence of artificial intelligence and e-
commerce over the past decade has produced 
measurable structural transformations across global 
retail value chains, customer engagement strategies, 
and operational infrastructures. Traditional e-
commerce architectures, grounded in static web 
catalogues and manually managed logistics 
workflows, are progressively being replaced by 
probabilistic, data-driven systems based on machine 
learning algorithms, predictive analytics, and 
automated decision-making. The market-level impact 
of this transition is substantial: the global AI-in-e-
commerce segment was valued at approximately 
USD 7.1 billion in 2023 and is projected to exceed 
USD 94 billion by 2035, growing at a compound 
annual rate of approximately 20.5% [1]. 

Simultaneously, approximately 62% of retail 
organizations reported deploying AI in at least one 
business function in 2024, an increase from 55% in 
the preceding year [2], underscoring accelerating 
enterprise adoption. 

These aggregate statistics mask important 
distributional and contextual heterogeneity. At the 
firm level, the AI adoption gap remains considerable: 
despite widespread recognition of AI's strategic 
value, only approximately 40% of retailers report 
active and systematic AI utilization [3]. At the 
geographic level, emerging-market e-commerce 
ecosystems, characterized by variable digital 
infrastructure, nascent regulatory frameworks, and 
constrained AI talent pools, represent a distinct and 
underexplored context for AI diffusion research. 
Uzbekistan exemplifies this context. Buoyed by 
rapidly expanding internet penetration 

Proceedings of the International Conference on Applied Innovations in IT (ICAIIT), July 2026

1193

mailto:ayupovr1x1@gmail.com
mailto:maloxataxmatovna@gmail.com
mailto:j.fayzullaev2007@gmail.com
mailto:shakarov_alisher84@mail.ru
mailto:maftuna-27-97@mail.ru
mailto:guzal872022@gmail.com
mailto:parovik@ikir.ru


 

(approximately 83.3%, corresponding to 
approximately 29.5 million users, as of early 2024), 
government-led digital-economy initiatives, and a 
young and mobile-native consumer base, the 
country's e-commerce sector is expanding rapidly [4]. 
Yet infrastructure constraints in logistics and 
payments, a limited pool of AI specialists, and an 
emergent regulatory ecosystem continue to depress 
adoption rates relative to advanced-economy 
benchmarks. 

Against this backdrop, the present study addresses 
three interrelated research questions. First, which AI 
application domains -personalization, conversational 
agents, visual search, dynamic pricing, and logistics 
automation-generate the most significant, measurable 
improvements in customer engagement and business 
performance in the Uzbekistan and Central Asian e-
commerce context? Second, how do contextual 
moderators-specifically digital infrastructure quality 
and the regulatory environment-condition the 
effectiveness of AI deployment? Third, what practical 
policy and managerial implications follow for firms 
and governments seeking to accelerate AI-enabled e-
commerce development in transitional digital 
economies? 

This paper proceeds as follows. Section II reviews 
relevant literature across five AI application domains. 
Section III describes the study's methodology. 
Section IV presents empirical findings. Section V 
discusses theoretical and practical implications. 
Section VI concludes with recommendations for 
future research and practice. 

2 LITERATURE REVIEW 

The extant literature on AI integration in e-commerce 
can be organized into five functionally distinct but 
interrelated application domains, each contributing to 
consumer experience and operational efficiency  
(Fig. 1). These include personalization and 
recommender systems, conversational AI, visual and 
semantic search, demand forecasting and inventory 
optimization, and logistics automation. Ethical and 
governance considerations represent a cross-cutting 
dimension affecting all application domains. 

2.1 Personalization and Recommender 
Systems 

Personalization and recommendation-engine research 
constitutes the most empirically developed strand of 
the AI-e-commerce literature. Multiple studies report 
that AI-driven recommendation engines produce 
economically significant lifts in conversion, average 

order value, and revenue. Gupta and Bansal [5] 
document that personalized recommendations 
increase click-through rates by approximately 19% 
and raise add-to-cart and order-completion rates by 
15-24% relative to non-personalized baselines. Real-
time personalization architectures generate additional 
incremental gains: firms deploying such architectures 
report conversion rates approximately 20% above 
batch-personalization systems, and aggregate revenue 
improvements of approximately 40% relative to non-
personalized baselines [6]. These magnitudes justify 
the treatment of personalization intensity as a primary 
independent variable in empirical models of AI 
effectiveness. 

2.2 Conversational AI and Customer 
Support Automation 

Conversational AI-encompassing rule-based 
chatbots, retrieval-augmented agents, and large-
language-model-powered virtual assistants-has 
emerged as a second major AI application domain. 
Salesforce data cited by [7] indicate that AI-
influenced online sales contributed meaningfully to 
revenue growth during the 2024 holiday season, with 
сhatbot usage increasing approximately 42% year-
over-year. However, the user-experience literature 
reveals mixed findings: while automated agents offer 
scalable, 24/7 responsiveness, a substantial segment 
of consumers retains skepticism toward purely 
automated service interactions, and hybrid human-AI 
service models consistently outperform purely 
automated alternatives on resolution quality and 
customer satisfaction metrics [7]. This finding has 
practical implications for deployment strategy in 
markets such as Uzbekistan where consumer trust in 
automated systems is still developing. 

2.3 Visual and Semantic Search 

Visual and semantic search technologies enable 
consumers to initiate product discovery through 
image queries and contextually enriched natural-
language inputs rather than keyword-based search. 
Although peer-reviewed empirical evidence on 
conversion impacts specific to emerging-market 
contexts remains limited, adoption among leading 
global platforms (e.g., Alibaba, Pinterest, and Google 
Shopping) is well documented and indicates that 
reducing search friction generates measurable 
improvements in session engagement and purchase 
intent [8]. In the Uzbekistan context, the adoption of 
visual search is nascent, constrained by mobile 
bandwidth limitations and the absence of localized 
product catalogues of sufficient scale. 
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Figure 1: Taxonomy of AI application domains in the e-commerce value chain. 

Figure 2: Projected global AI-in-e-commerce market, 2025–2034 (USD billions) [9]. 

2.4 Demand Forecasting and Inventory 
Optimization 

Operational AI applications - including demand 
forecasting models, dynamic pricing engines, and 
warehouse management systems - have demonstrated 
consistent capacity to reduce inventory carrying 
costs, improve stock-replenishment cycles, and 
enhance supply-chain resilience. Recent market 
analyses indicate that the adoption of AI in e-
commerce is expected to accelerate substantially over 
the next decade. The global AI-in-e-commerce 
market is projected to increase from approximately 
USD 7.25 billion in 2025 to nearly USD 64 billion by 
2034, corresponding to an estimated compound 
annual growth rate of about 20–25% (Fig. 2). This 
projected growth reflects the expanding 
implementation of intelligent technologies across 

retail, logistics, customer service, and marketing 
applications [9]. 

2.5 Logistics Automation and Last-
Mile Delivery 

Autonomous warehouse systems, AI-enabled route-
optimization tools, and predictive last-mile delivery 
platforms constitute a fifth application domain 
directly relevant to Uzbekistan, where logistics 
infrastructure represents a persistent structural 
bottleneck. Expert-interview evidence collected in 
this study (see Section III-IV) corroborates the 
finding that last-mile delivery delays and reverse-
logistics costs represent the most frequently cited 
operational constraints across firms at all digital 
maturity levels, a pattern consistent with IMARC 
Group projections of the broader Central Asian e-
commerce market [10]. 
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2.6 Ethical, Governance, and 
Sociotechnical Dimensions 

Algorithmic transparency, data-privacy compliance, 
equitable personalization, and consumer trust have 
transitioned from peripheral concerns to central 
themes in the AI-e-commerce literature [10]. 
Regulatory frameworks governing AI in retail remain 
immature in most Central Asian jurisdictions, 
creating both risk and opportunity: the absence of 
binding constraints may accelerate short-run 
adoption, yet it simultaneously exposes consumers to 
potential harms from opaque data practices. This 
dynamic warrants explicit attention in regional policy 
design and is addressed in Section V. 

3 METHODOLOGY 

Given the early-stage nature of systematic AI 
adoption data in Uzbekistan and the absence of 
comprehensive administrative datasets, this study 
employs a two-phase desk-research-and-expert-
interview design. This approach is appropriate when 
secondary data are insufficient to sustain fully 
quantitative modelling and when exploratory 
contextualization is required to interpret aggregate 
market indicators [11]. 

3.1 Phase 1: Systematic Desk Research 

Phase 1 comprised a structured review of secondary 
data sources covering the period 2022-2025. Source 
categories included: (1) peer-reviewed journal 
articles retrieved from Scopus and Web of Science 
using the search strings "AI e-commerce", "machine 
learning retail", and "digital commerce Central Asia"; 
(2) industry reports and market-sizing studies from
McKinsey & Company, Precedence Research,
IMARC Group, Gartner, and Forrester; (3) national
and regional statistics from Data Reportal, the World
Bank, and the Statistical Committee of Uzbekistan;
and (4) platform-level disclosures from Alibaba
Group. Source selection applied three inclusion
criteria: publication or release after 2020, relevance
to the five AI application domains identified in
Section II, and availability of quantitative
performance metrics or market-size estimates. Forty-
three documents satisfied these criteria and were
retained for analysis.

3.2 Phase 2: Expert Interviews 

Phase 2 comprised 16 semi-structured expert 
interviews conducted between October and 
December 2024. Participants were purposively 
selected to represent key stakeholder categories in AI-
enabled e-commerce in Uzbekistan and neighboring 
Central Asian markets: e-commerce platform 
managers (n=5), chief technology officers or heads of 
digital transformation (n=4), logistics and fulfilment 
providers (n=3), digital-payments specialists (n=2), 
and government or regulatory officials (n=2). 
Selection criteria required a minimum of three years 
of direct professional experience with e-commerce or 
AI deployment in the region; candidates were 
identified through professional network referrals and 
snowball sampling. Thematic saturation was assessed 
after each interview: no substantively new first-order 
codes emerged after interview 13, confirming 
saturation across all five AI application domains. 
Each interview followed a structured guide covering 
four blocks: 1) current AI adoption and tools 
deployed; 2) perceived impacts on conversion, 
customer experience, and operational efficiency; 
3) contextual barriers and enablers (infrastructure,
talent, regulation, consumer trust); and 4) forward-
looking investment priorities. Probe questions were
standardized across participant categories, with role-
specific elaborations for technical versus policy
respondents. Interviews were conducted in Uzbek,
Russian, or English per participant preference, each
lasting 45-75 minutes (mean: 58 min), audio-recorded
with informed consent, and transcribed verbatim.
Transcripts were analysed using the six-phase
reflexive thematic analysis framework of Braun and
Clarke [11]: familiarization, initial coding (94 first-
order codes), theme search, theme review, theme
definition, and write-up. Inter-coder reliability was
assessed on a randomly selected 25% subsample (4
transcripts; approximately 420 coded segments);
Cohen’s kappa = 0.78, indicating substantial
agreement. Disagreements were resolved by
consensus. Member-checking with 6 participants
confirmed that theme descriptions accurately
reflected participants’ intended meanings. The final
codebook yielded three superordinate themes and 12
subordinate codes (Table 2).

3.3 Integration and Scenario Analysis 

Quantitative secondary data and qualitative interview 
findings were integrated through a convergent mixed- 
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methods synthesis, following the data triangulation 
protocol described by Hair et al. [12]. Specifically, 
desk-research metrics were used to bound the 
plausible range of AI performance impacts, while 
interview findings were used to (a) identify which AI 
application domains were most salient in the 
Uzbekistan context and (b) estimate local deployment 
conditions that moderate those impacts. In a third 
analytical layer, scenario modelling was applied to 
project near-term (2025-2028) e-commerce 
performance trajectories under three AI adoption 
intensity assumptions: low, moderate, and high. Each 
scenario was parameterized along four axes drawn 
from secondary data and expert estimates: (1) 
broadband penetration rate (low: 65%; moderate: 
83.3% [‘current’, per Data Reportal [8]]; high: 90%); 
(2) mobile-payment acceptance rate (low: 40%;
moderate: 55%; high: 75%), reflecting the current
estimated 45% and plausible growth trajectories; (3)
AI investment intensity as a share of IT budget (low:
<5%; moderate: 8-12%; high: >15%), derived from
expert-interview estimates; and (4) logistics maturity
index (a composite of last-mile delivery coverage,
warehouse automation rate, and reverse-logistics
capacity, scored 1-5 on the basis of interview
evidence). Revenue-growth projections were derived
by applying scenario-specific parameter values to the
performance-lift ranges documented in Table 1,
adjusted downward by the regional discount factors
described in Section III-D, and cross-checked against
the IMARC Group regional growth projections [10].
All projections carry substantial uncertainty and are
intended as indicative planning ranges, not point
forecasts.

3.4 Conceptual AI Telemetry Pipeline: 
Architecture and Scenario-Based 
Evaluation 

In the absence of a proprietary behavioral dataset 
from Uzbek e-commerce platforms - owing to 
commercial confidentiality norms documented across 
all 16 expert participants - the present study 
formalizes a reproducible conceptual pipeline that 
operationalizes the AI application domains identified 
in Sections II-III into a structured analytical 
architecture. The pipeline is explicitly parameterized 
so that any regional e-commerce operator with access 
to standard behavioral telemetry (session logs, 
transaction records, and search queries) may 
instantiate it without modification. All performance 
claims are stated as scenario-conditional projections 
with explicit assumptions rather than as empirical 
point estimates. 

3.4.1 Pipeline Architecture 

The proposed pipeline comprises five sequential 
stages: 1) Data Ingestion - raw clickstream, 
transaction, and search-query events are collected via 
a lightweight SDK and written to a partitioned event 
store (e.g., Apache Kafka or a cloud-equivalent); 
2) Preprocessing and Feature Engineering -
deduplication, session boundary detection (30-minute
inactivity threshold), and construction of a User-Item
interaction matrix with implicit feedback signals
(views, dwell time, add-to-cart, purchase);
3) Modelling - a matrix-factorization collaborative-
filtering model (e.g., LightFM or Alternating Least
Squares) is trained on the interaction matrix; for
demand forecasting, a gradient-boosted regressor
(LightGBM) is trained on 90-day rolling transaction
windows with calendar and promotional features;
4) Evaluation - offline ranking metrics
(Precision@10, Recall@10, NDCG@10) are
computed on a held-out 20% test split; demand-
forecast quality is assessed via MAE and RMSE;
online business impact is tracked via click-through
rate (CTR) uplift and revenue-per-session relative to
a rule-based control group; and 5) Inference and
Serving - ranked recommendation lists are served via
a REST API with a target p95 latency of ≤120 ms,
consistent with the mobile-network conditions typical
of Uzbekistan’s 4G infrastructure. The complete
pipeline is summarized in Table 1.

3.4.2 Scenario-Based Metric Projections 

To bound the expected pipeline performance in the 
Uzbekistan context, three deployment scenarios were 
constructed using parameter values derived from the 
expert-interview findings and secondary benchmarks. 
The scenarios differ in two key moderators: a) the 
volume of training data, measured by the number of 
unique monthly active users (MAU) with recorded 
interaction histories, and b) the payment-gateway 
acceptance rate, which determines the completeness 
of purchase-completion signals captured by the 
pipeline. Table 2 presents the projected performance 
ranges for each scenario. The low scenario (MAU = 
50,000; payment acceptance = 40%) represents an 
early-stage domestic platform, the moderate scenario 
(MAU = 250,000; payment acceptance = 60%) 
reflects mid-sized regional operators identified during 
the expert interviews, and the high scenario (MAU > 
1 million; payment acceptance = 80%) corresponds to 
a mature regional marketplace with modernized 
payment infrastructure. The projections shown in 
Table 2 are scenario-based planning targets rather 
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than empirical measurements. They were obtained by 
adjusting benchmark values reported in the literature 
to reflect the expected conditions of the Uzbekistan e-
commerce market. Because the proposed pipeline 
relies primarily on implicit behavioral signals, cold-
start users are initially served popularity-based 
recommendations until sufficient interaction history 
has been accumulated. Furthermore, the projected 
performance metrics should be validated through a 
minimum two-week A/B experiment with sufficient 
statistical power before operational deployment [12]. 

These projections carry two important 
qualifications. First, because the pipeline relies on 
implicit behavioral signals rather than explicit ratings, 
cold-start users (no prior interaction history, 
estimated at approximately 35-50% of a new 
platform’s user base) will receive popularity-based 
fallback recommendations until a minimum of five 
interactions per user has been logged. Second, all 
metric thresholds should be validated against a 
minimum two-week A/B experiment to ensure 
statistical power sufficient to detect a 10% relative lift 
at α = 0.05, two-tailed, which requires an estimated 
daily sample of approximately 2,000 unique sessions 
per treatment arm under the moderate scenario. The 
overall methodological framework is illustrated in 

Figure 3. The study consisted of three consecutive 
phases. Phase 1 involved a systematic desk review of 
43 publications published between 2022 and 2025 to 
establish the quantitative evidence base. Phase 2 
comprised 16 semi-structured expert interviews 
conducted between October and December 2024 
(inter-coder agreement κ = 0.78), providing regional 
contextualization for Uzbekistan. Finally, Phase 3 
integrated both evidence streams through convergent 
synthesis and scenario modelling to generate low-, 
moderate-, and high-adoption projections for 2025–
2028. 

4 RESULTS 

Table 3 summarizes the principal quantitative 
findings obtained from the desk-review phase. 
Among the reviewed application domains, 
personalization and real-time recommendation 
systems demonstrated the largest documented 
improvements in conversion rates (19–26%), whereas 
AI-driven logistics applications showed the greatest 
projected reductions in inventory-related costs. 

Figure 3: Three-phase mixed-methods research design. 
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Table 1: Proposed ai telemetry pipeline: stages, inputs, methods, and evaluation metrics. 

Stage Inputs / Data Sources Methods / Tools Evaluation Metrics Target Threshold 
(Uzbekistan context) 

1. Ingestion Clickstream, transactions, 
search queries Kafka / event-bus SDK Event lag, data 

completeness 
Lag ≤5 s; 

completeness ≥95% 

2. 
Preprocessing 

Raw event logs; user-
item interaction matrix 

Deduplication, session 
splitting (30-min gap), 

implicit-feedback 
weighting 

Duplicate rate; 
sparsity of 

interaction matrix 
Duplicate rate ≤2%; 

sparsity ≤99.5% 

3. Modelling
Interaction matrix (CF); 
90-day transactions +

calendar features 
(demand forecast) 

LightFM / ALS 
(recommender); 

LightGBM (demand 
forecast) 

Precision@10, 
Recall@10, 

NDCG@10; MAE, 
RMSE 

NDCG@10 ≥0.35; 
MAPE ≤15% 

4. Evaluation Held-out test split (20%); 
A/B experiment logs 

Offline ranking 
evaluation; online A/B 
test (CTR, conversion, 
revenue-per-session) 

CTR uplift; 
conversion-rate lift; 
revenue-per-session 

lift 

CTR uplift ≥12%; 
conversion lift ≥15% 

5. Serving
Pre-computed candidate 
lists; real-time re-ranking 

signals 

REST API; pre-
computed cache (Redis-

compatible) 
API latency (p95); 

cache hit rate 
p95 latency ≤120 

ms; cache hit ≥80% 

Table 2: Scenario-based performance projections for the proposed pipeline (Uzbekistan E-Commerce Context). 

Metric Assumption Low Scenario Moderate Scenario High Scenario 
Monthly Active Users 

(MAU) 
Primary driver of CF model 

quality 50,000 250,000 1,000,000+ 
Payment Acceptance 

Rate 
Governs completeness of 

purchase signals 40% 60% 80% 
NDCG@10 

(Recommender) 
Offline ranking quality; higher 

= better 0.22-0.28 0.30-0.38 0.38-0.48 
CTR Uplift (vs. rule-

based control) 
Online A/B metric; primary 

business KPI 6-10% 12-16% 17-24%

Conversion Rate Lift A/B test; requires ≥2-week 
runtime 8-13% 15-20% 20-26%

Demand Forecast 
MAPE Lower is better; 7-day horizon 18-25% 12-18% 8-12%

API Serving Latency 
(p95) 

Constrained by 4G median RTT 
≈ 60-80 ms in Uzbekistan ≤200 ms ≤150 ms ≤120 ms 

Note: Scenario-based projections for planning purposes; empirical validation is required. 

4.1 AI Personalization Compresses 
Purchase Decision Cycles 

Across 11 of 16 interviews, senior managers reported 
that AI-based recommendation systems not only 
improved purchase rates but also measurably 
shortened consumer decision-making timelines. One 
e-commerce platform director noted that following
the deployment of a collaborative-filtering engine,
average session duration decreased while the add-to-
cart rate increased, indicating that consumers were
reaching satisfactory product matches more
efficiently. This pattern corroborates Gartner's
projection [13] that firms deploying advanced
recommendation and predictive-analytics modules
may achieve 20-30% improvements in conversion
rates by 2025.

4.2 Social Commerce as a Trust-
Building Mechanism 

Participants from e-commerce platforms operating on 
Telegram and Instagram reported that live-streaming 
commerce formats substantially outperformed 
conventional web-channel funnels on conversion. 
Specifically, social-commerce funnel conversion 
rates of approximately 3.4% were contrasted with 
approximately 1.9% for standard web channels-a 
difference attributable principally to the trust signals 
conveyed through real-time interaction with vendors. 
This finding is particularly pertinent in the 
Uzbekistan context, where interpersonal trust norms 
and community-based purchasing behaviors shape 
consumer decision-making in ways that static product 
pages cannot replicate. Figure 4 compares the average 
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conversion rates reported by expert interview 
participants for live-stream social commerce and 
conventional web stores. According to managerial 
estimates, live-stream channels achieved an average 
conversion rate of approximately 3.4%, compared 
with about 1.9% for traditional web platforms. 
Respondents primarily attributed this difference to 
higher consumer trust and real-time interaction. 
These values represent expert estimates and were not 
independently verified. 

4.3 Logistics as a Binding Constraint 

Even among firms with sophisticated front-end AI 
personalization capabilities, last-mile delivery delays 
and elevated reverse-logistics costs were identified by 
13 of 16 interviewees as the most persistent 
operational constraint. This structural bottleneck 
limits the customer-experience improvements that AI 
personalization can realistically deliver upstream in 
the purchase funnel, suggesting that AI investment 
strategies that neglect logistics infrastructure produce 
suboptimal aggregate outcomes. 

4.4 Scenario-Based Performance 
Projections 

Integrating interview evidence with secondary market 
projections, scenario modelling suggests that regional 
e-commerce firms combining AI personalization,
social-commerce expansion, and logistics-maturity
investment could achieve revenue growth-rate
improvements of 18-22% over a three-year horizon
(2025-2028) relative to the status-quo adoption
trajectory. Under a high-adoption scenario
incorporating strengthened payment infrastructure,
extended rural broadband coverage, and AI talent
development, business-performance improvements
of up to 34% above 2024 baselines are projected by
2027 [10]. These projections carry substantial
uncertainty and should be interpreted as indicative
rather than precise forecasts. Table 4 summarizes the
thematic coding results obtained from the expert
interviews, including the identified superordinate
themes, first-order codes, and their frequencies across
the interview corpus.

Table 3: Summary of AI performance impacts across e-commerce application domains. 

AI Application Domain Metric Reported Improvement Source 
Personalization / 
Recommendation Conversion rate 19-26% Gupta & Bansal [5] 

Real-time personalization Revenue vs. baseline 40% McKinsey [6] 
Conversational AI (chatbots) Holiday season usage 

YoY 42% Salesforce / Reuters [7] 
Social commerce (live 

streaming) 
Funnel conversion 

rate ~3.4% vs. ~1.9% web Expert interviews [this 
study] 

AI-driven supply-chain 
optimisation 

Inventory cost 
reduction 15-20% (projected) McKinsey [2] 

Table 4: Thematic coding summary: superordinate themes, subordinate codes, and interview frequency (N = 16). 

Superordinate 
Theme Subordinate Codes (first-order) Interviews 

citing (n) % of corpus 

T1: AI 
Personalization 

Compresses 
Purchase Decision 

Cycles 

Recommendation engine reduces session depth to conversion 11 69% 
Collaborative filtering improves add-to-cart rate 9 56% 

Cold-start problem limits recommendation quality for new 
users 7 44% 

Lack of AI talent hinders model maintenance 8 50% 

T2: Social 
Commerce as a 
Trust-Building 

Mechanism 

Live-streaming drives higher conversion than static web pages 12 75% 
Community trust norms shape AI adoption on Telegram / 

Instagram 10 63% 
Consumer skepticism toward purely automated chatbots 9 56% 

Hybrid human-AI service model preferred over full automation 11 69% 

T3: Logistics as a 
Binding Constraint 

Last-mile delay as primary operational bottleneck 13 81% 
High reverse-logistics cost limits customer satisfaction gains 10 63% 

Route-optimization AI seen as highest ROI logistics investment 8 50% 
AI investment in front-end personalization offset by logistics 

failures 12 75% 

Note: The thematic analysis generated 94 first-order codes that were subsequently grouped into three superordinate themes 
following the Braun–Clarke framework. Inter-coder reliability was satisfactory (κ = 0.78), based on independent coding of a 
25% interview subsample. 
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Figure 4: Conversion rates by sales channel.

5 DISCUSSION 

The findings of this study both support and extend 
existing theoretical and empirical accounts of AI's 
role in e-commerce, particularly as applied to 
transitional digital economies [4]. Three 
contributions are particularly noteworthy. 

First, the primacy of AI-driven personalization as 
a driver of customer engagement is confirmed in the 
Uzbekistan context, consistent with meta-analytic 
evidence from advanced-economy settings [5], [6]. 
The documented conversion-rate improvements of 
19-26% attributable to AI-driven personalization [5],
corroborated by qualitative evidence from 11 of 16
interviews in which managers reported measurably
compressed purchase-decision cycles (see the
corresponding thematic codes in Table 4), strengthens
the empirical case for prioritizing recommendation-
engine investment in the Uzbekistan context.
Practically, this implies that firms in early-stage
digital markets should treat personalization
infrastructure as a first-order strategic priority, not a
later-stage optimization.

Second, the infrastructure moderation effect is 
striking and theoretically important. The 
effectiveness of AI personalization was consistently 
reported to be amplified in environments with lower 
latency (broadband delay < 40 ms) and higher 
mobile-internet penetration (> 82%). This pattern 
aligns with diffusion-of-innovations theory: 
contextual readiness conditions-digital infrastructure 
quality, data-governance maturity, and talent 

availability-substantially shape adoption outcomes 
and mediate the translation of technology capability 
into business performance. For Uzbekistan, where 
mobile-internet penetration has reached 
approximately 83.3% nationally but rural broadband 
quality remains variable, this implies that AI 
investment returns will be geographically uneven 
unless infrastructure development is synchronized 
with AI deployment. 

Third, the trust-signaling function of social 
commerce in the Uzbekistan context extends 
established findings on the role of social proof and 
community endorsement in reducing online purchase 
uncertainty. The conversion-rate advantage of live-
streaming formats (approximately 3.4% vs. 1.9% for 
standard web channels) suggests that culturally 
attuned AI deploymesnt strategies-those that embed 
AI capability within familiar social interaction 
formats rather than replacing them-may yield 
superior outcomes in high-trust-collectivist consumer 
environments. 

From a policy perspective, the findings suggest 
three priority intervention areas: (1) accelerating 
payment-gateway diversification and interoperability 
to reduce checkout friction; (2) extending broadband 
infrastructure to rural and peri-urban areas to enable 
full realization of AI personalization returns; and (3) 
investing in AI talent pipelines through university-
industry partnerships and targeted international 
capacity-building programmes. Regulatory 
frameworks should adopt a balanced approach: 
establishing sufficient data-protection and 
algorithmic-transparency requirements to sustain 
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consumer trust while avoiding prematurely restrictive 
rules that hinder beneficial AI adoption. 

6 CONCLUSIONS 

This paper has examined the effectiveness of AI 
integration in the development of e-commerce in 
Uzbekistan through a systematic desk-research and 
expert-interview study. The principal findings are 
threefold. AI-driven personalization constitutes the 
most potent lever for improving customer 
engagement and business performance, with 
documented conversion-rate improvements of 19-
26% in comparable contexts. Social-commerce 
formats exploiting live-streaming and conversational 
AI deliver substantially higher funnel conversion 
rates than static web channels in the Uzbekistan 
market, primarily through trust-building mechanisms 
specific to the cultural context. Logistics 
infrastructure-rather than front-end AI capability-
remains the binding constraint on realized AI 
benefits, underscoring the necessity of synchronized 
investment in physical and digital infrastructure. 

Under a high-adoption scenario integrating AI 
personalization, social commerce, and logistics 
modernization, regional firms could achieve 
business-performance improvements of up to 34% 
above 2024 baselines by 2027. Realizing this 
potential requires coordinated action by government 
(infrastructure and regulation), industry (AI 
investment and talent), and academia (applied 
research and bench-marking). 

Future research should pursue firm-level 
longitudinal data collection, ideally through a 
structured survey (target N ≥ 400 firms and 
consumers) combined with behavioral telemetry, to 
enable causal inference. Comparative studies across 
Central Asian markets-Kazakhstan, Kyrgyzstan, and 
Tajikistan-would permit identification of cross-
national moderators. Extension to AI ethics and 
governance outcomes (algorithmic fairness, data-
privacy compliance) represents a further priority 
agenda. 
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