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Abstract

Artificial intelligence (Al) is reshaping product discovery in digital marketplaces by enabling the automated
evaluation, comparison and recommendation of competing products. However, the products selected by Al systems
may depend not only on their underlying attributes but also on the quality of the product information provided and the
brand-related knowledge associated with them. These issues are particularly relevant to Indian micro, small and
medium enterprises (MSMESs), whose products may compete with established brands despite differences in brand

recognition and the completeness of their digital product information. Understanding how these factors influence Al-
based product selection is therefore important for examining the representation of MSME products in Al-driven digital
commerce.

This study proposes a controlled experiment to investigate the individual and interactive effects of product-data quality
and brand familiarity on Al model-based product selection. A 2 x 2 factorial experimental design will be employed,
varying product-data quality (high versus low) and brand familiarity (familiar versus unfamiliar) across controlled
product profiles representing Indian MSMEs. The profiles will be evaluated by a specified AI model using
standardized prompts, consistent selection criteria and predefined experimental conditions. Repeated trials will be
conducted to record product-selection outcomes and estimate selection frequencies across the four experimental
conditions. Appropriate statistical techniques for categorical outcomes and repeated observations will be used to assess
the main effects of both experimental factors and their interaction. Model specifications, prompt configurations,
product attributes and trial procedures will be documented to facilitate transparency and reproducibility.

By examining Al model behaviour directly, this study seeks to extend research on information quality and algorithmic
product selection by investigating how product-data characteristics and brand-related cues jointly shape Al selection
patterns. The study is expected to contribute to a better understanding of the factors associated with product selection
in Al-mediated digital environments. Its findings may also provide practical insights for Indian MSMEs into
improving product-data completeness, consistency and brand representation when preparing their products for Al-
driven discovery and recommendation systems.
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Introduction
Artificial intelligence (Al) is becoming an important part of digital commerce, influencing how products
are discovered, compared and recommended to potential buyers. Large language models (LLMs) and Al-
based recommendation systems can process product descriptions, interpret product attributes and identify
alternatives that appear to match a specified set of requirements. These capabilities create new possibilities
for digital marketplaces, but they also raise an important question: what determines which products an Al
system selects when several alternatives appear suitable? The answer may depend not only on the
characteristics of the products themselves but also on how their information is presented and the
associations the model has with their brands. Understanding these influences is important because Al-
generated selections may shape which products receive attention during digital product discovery.
Product information provides the foundation for evaluating and comparing competing products. Details
such as price, material, dimensions, functionality, durability and intended use help distinguish one product
from another. When these attributes are accurate, complete and presented consistently, an Al model has a
clearer basis for assessing the available alternatives. In contrast, missing specifications, inconsistent
descriptions or ambiguous information may make comparisons more difficult. Recent research on large
language models and e-commerce catalogues demonstrates that product-attribute quality is an important
technical concern in automated product assessment (Satyadharma et al., 2025). However, the ability of a
model to interpret product information does not necessarily mean that it will select the most suitable product
when information quality varies across alternatives. This distinction makes it necessary to examine product-
data quality not merely as a characteristic of an online listing but as a factor that may influence the selection
behaviour of an Al model.
Brand familiarity presents a related but conceptually different issue. Established brands may be associated
with a greater volume of publicly available descriptions, reviews, specifications and other information. An
Al model may have encountered information about some brands more frequently during training or through
its accessible knowledge sources than about less familiar brands. Such differences could influence how
readily a model recognizes a brand or interprets its products. Nevertheless, model familiarity should not be
assumed to operate in the same way as human brand familiarity. A brand recognized by consumers may
not be equally well represented in a model's learned knowledge, and a model's response may also depend
on the information included in the prompt. Consequently, brand familiarity in Al-based product selection
requires careful operational definition and empirical testing rather than being treated as an established
explanation for product preference.
The issue is particularly relevant to Indian micro, small and medium enterprises (MSMEs). Smaller
businesses increasingly operate in digital environments where product descriptions, structured attributes
and brand information help communicate the characteristics of their offerings. However, MSME products
may differ considerably in the completeness and consistency of their digital information, while some brands
may have a more limited presence in the information sources available to Al systems. These differences
raise the possibility that product selection could be influenced by how well a product is represented
digitally, rather than exclusively by its underlying characteristics. Research on e-commerce product
catalogues has already highlighted the technical challenges associated with incomplete or inconsistent
product attributes (Satyadharma et al., 2025). Yet it remains important to establish experimentally whether
differences in data quality and brand familiarity systematically change the probability that an Al model
selects a particular product. The Indian MSME context provides a useful setting in which to investigate this
question, although findings from a controlled experiment should not automatically be generalized to every
commercial recommendation platform.
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A further issue concerns the interaction between product-data quality and brand familiarity. High-quality
product information may help an Al model compare products on the basis of their stated attributes,
potentially reducing the importance of brand-related associations. Alternatively, a familiar brand may
receive favourable selections even when its product information is less complete, particularly if the model
draws on associations beyond the information supplied in the experimental profile. It is also possible that
high-quality data may benefit familiar and unfamiliar brands to different degrees. These competing
possibilities indicate that the two factors should not be examined only in isolation. Their combined effect
is central to understanding whether product-information quality changes the influence of brand familiarity
on Al-based product selection.

To address this issue, the present study proposes a controlled experiment using product profiles representing
Indian MSMEs. A 2 x 2 factorial designs will vary product-data quality (high versus low) and brand
familiarity (familiar versus unfamiliar), producing four experimental conditions. The profiles will be
presented to a specified Al model using standardized prompts, consistent selection criteria and predefined
procedures. Repeated trials will be used to record the products selected under each condition and estimate
their selection frequencies. By holding relevant product attributes and experimental instructions constant,
the study will seek to isolate the effects of the two experimental factors and determine whether they interact.
The model version, prompt configuration, product profiles and trial procedures will be documented to
support transparency and reproducibility.

The study aims to make three contributions. First, it examines product-data quality as an experimental factor
affecting Al model-based product selection, extending attention beyond the technical assessment of
catalogue quality to the consequences of information differences for model outputs. Second, it investigates
brand familiarity as a potential influence on Al selection and tests whether its effect changes when product-
data quality varies. Third, it applies this experimental framework to product profiles representing Indian
MSMEs, a context that raises practical questions about the digital representation of smaller businesses
alongside more established brands. Together, these contributions may advance understanding of the
relationship between product information, brand-related model knowledge and algorithmic selection
behaviour.

The practical relevance of the study lies in its potential to help MSMEs and digital-commerce practitioners
understand how product profiles are interpreted by the Al model under investigation. If selection patterns
differ systematically across experimental conditions, the results could inform decisions about product-data
completeness, attribute consistency and brand representation. However, the study will distinguish evidence
of selection differences within the tested model and conditions from broader claims about visibility on
commercial platforms. Actual marketplace exposure also depends on platform-specific ranking algorithms,
retrieval mechanisms, inventory, user queries and other factors that may not be captured in a controlled
experiment.

Accordingly, this research investigates the effects of product-data quality and brand familiarity on Al-based
product selection through a controlled experimental design. By comparing selection outcomes across four
conditions and examining both individual and interactive effects, it seeks to clarify whether variations in
product information and brand-related knowledge are associated with systematic differences in Al model
behaviour. The resulting evidence may contribute to research on algorithmic selection and digital product
representation while providing a foundation for future studies across models, product categories and real-
world recommendation environments.
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Review of Literature
Wien and Peluso (2021) examined how the effectiveness of human and Al recommenders varies according
to product type and the cognitive processes involved in evaluating recommendations. Their findings suggest
that the relative effectiveness of human and Al recommendations depends on the nature of the product, with
differences between hedonic and utilitarian contexts. This research provides an early foundation for
understanding that Al recommendation outcomes are not necessarily uniform across decision settings.
However, its emphasis is on the effectiveness of recommendations for recipients rather than on the effect
of experimentally manipulated product-data quality on an Al model's own selections. The present study
extends this line of inquiry by treating the model's selection as the primary outcome and systematically
varying product-data quality and brand familiarity.
Chang and Park (2024) compared recommendations with conventional Al recommender systems and
examined their relationship with consumers' consideration sets and brand awareness. Their study is
particularly relevant because it connects Al-based recommendations with brand-related information. The
findings indicate that brand awareness can influence how consumers respond to Al recommendations,
making brand-related effects an important consideration in digital product discovery. Nevertheless,
consumer awareness and a model's familiarity with a brand are conceptually different. A consumer may
recognize a brand even when an Al model has limited information about it, while a model may associate a
brand with information that was not included in a particular product profile. The present experiment
therefore needs to define brand familiarity from the model's perspective and test its effect on product
selection directly.
Yang et al. (2024) investigated how recommendation sources and product-attribute framing influence
online product recommendations. Their work is relevant because the way product information is presented
can affect the interpretation of a recommendation and the evaluation of product alternatives. For Al-based
selection, this raises an important methodological question: whether differences in selection are caused by
the actual information available about a product or by the wording and structure used to present that
information. A controlled experiment should therefore distinguish changes in data completeness from
changes in persuasive language or presentation. The present study builds on this concern by proposing
standardized prompts and controlled product profiles, allowing product-data quality and brand familiarity
to be examined as separate experimental factors.
Wau et al. (2024) reviewed the growing use of large language models in recommender systems. Their survey
discusses how LLMs can contribute to recommendation through language understanding, knowledge
representation and different integration strategies. This literature is important because it establishes that
LLM-based recommendation is not a single technique; outcomes can depend on the model architecture, the
information provided, the prompting approach and the broader recommendation framework. For the present
research, this means that a model's product-selection behaviour must be studied under clearly specified
experimental conditions. However, a broad survey of recommendation methods does not, by itself, establish
whether high-quality product data or brand familiarity changes the probability that an Al model selects an
individual MSME product. The proposed experiment addresses this narrower empirical question.
Klimashevskaia et al. (2024) reviewed popularity bias in recommender systems, focusing on the tendency
of recommendation processes to favour popular items and the consequences for less visible alternatives.
Their work is particularly relevant to the position of Indian MSMEs, whose products may have less
established digital presence than those of large brands. If Al selection systems rely on information or
associations that are more readily available for established brands, smaller businesses could receive
different levels of representation. However, popularity bias in conventional recommender systems should
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not automatically be assumed to operate in the same way in a general-purpose LLM. The proposed study
can contribute by testing whether brand-related cues influence selection under controlled conditions, while
distinguishing observed selection differences from claims about actual marketplace exposure.
Satyadharma et al. (2025) investigated the use of large language models to assess product quality in e-
commerce catalogues through an approach that does not require task-specific training labels. Their work is
directly relevant to the information-quality component of the present study because it treats product-
catalogue information as something that can be systematically evaluated and improved using LLM-based
methods. It also highlights the importance of examining product attributes rather than treating product
descriptions as undifferentiated text. For the proposed experiment, this provides a useful basis for defining
high- and low-quality product profiles through explicit criteria such as completeness, consistency and
accuracy. However, automated catalogue assessment and product selection are different tasks. The present
study will investigate whether changes in catalogue information affect which product an Al model selects
when competing alternatives are presented under controlled conditions.

Shehmir and Kashef (2025) reviewed the integration of large language models into recommender systems,
discussing applications, technical approaches and challenges associated with their use. Their review
provides a broader foundation for understanding how language models can support recommendation tasks
and why evaluation requires attention to more than the quality of generated text. For the present research,
the key implication is that Al-based product selection should be evaluated through observable outputs and
a clearly specified experimental procedure. The study also supports the importance of considering the
limitations of LLM-based recommendation, including scalability, privacy and evaluation challenges.
However, a general review of LLM-enabled recommendation does not resolve whether product-data quality
and brand familiarity jointly influence the selection frequency of individual products. The proposed
controlled experiment addresses this specific question using product profiles representing Indian MSME:s.
Filandrianos et al. (2025) examined how cognitive-bias-related changes to product descriptions influence
recommendations generated by large language models. Their experiments found that certain cues, including
social proof, could increase recommendation rates, whereas scarcity and exclusivity cues produced different
effects. This research is especially important for the present study because it demonstrates that changes in
product descriptions can alter Al-generated recommendation outcomes, even when the underlying task
remains a product-reccommendation task. It also shows why experimental controls are necessary: a change
in wording may introduce a persuasive cue rather than simply improve product-data quality. Building on
this insight, the present study will distinguish information completeness and consistency from persuasive
language and will test brand familiarity as a separate factor.

Deldjoo (2025) investigated biases in based recommender systems, focusing on provider fairness, temporal
stability and recency. The research used repeated API-based evaluations to examine how prompt design
affects recommendation outcomes and related evaluation measures. This approach is methodologically
relevant because it demonstrates the value of repeated trials when investigating the behaviour of generative
Al systems. It also indicates that recommendation outputs can depend on prompt structure, making
consistent instructions and documented configurations essential for experimental reproducibility. The
present study adopts a related experimental logic but focuses specifically on the main and interactive effects
of product-data quality and brand familiarity. Its contribution will depend on separating the effects of these
factors from variation caused by prompt wording, model configuration and repeated sampling.

Ceker et al. (2026) investigated the use of brand knowledge bases and LLM agents to improve e-commerce
catalogue quality. Their work connects brand-related information with the structured representation and
assessment of product catalogues. This is relevant to the present research because brand knowledge may
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influence how product information is interpreted and compared by an Al system. It also reinforces the
importance of considering product attributes and brand information together rather than treating them as
entirely independent sources of context. Nevertheless, improving catalogue quality and determining
whether brand familiarity changes selection frequency are distinct research problems. The proposed
experiment will examine the latter by systematically varying product-data quality and brand familiarity
across four conditions. It will thereby test whether the two factors have separate effects or whether their
combination is associated with different Al selection patterns

Research Gap
Although recent studies have examined artificial intelligence in recommender systems, large language
model (LLM)-based product recommendations, and product-data quality assessment, an important research
gap remains in understanding how these factors jointly influence Al-based product selection. Existing
research has largely focused on recommendation accuracy, algorithmic bias, popularity effects, and the use
of Al to improve product catalogues. However, improving product-data quality does not necessarily mean
that an Al model will select a product, and the influence of brand-related cues may vary according to the
model, product category, and information presented. In particular, the combined effects of product-data
quality and brand familiarity on Al model-based product selection remain insufficiently examined through
controlled factorial experiments. Furthermore, brand familiarity must be clearly operationalized because a
model's learned knowledge of a brand is not equivalent to a human consumer's familiarity with it.
To address these gaps, the present study proposes a controlled 2 x 2 factorial experiment using product
profiles representing Indian micro, small and medium enterprises (MSMESs). It will examine the individual
effects of high versus low product-data quality and familiar versus unfamiliar brands, as well as the
interaction between these two factors, using standardized prompts and repeated Al model selection trials.
Unlike studies based primarily on consumer surveys or general assessments of recommendation systems,
this approach will directly examine product-selection outcomes under controlled experimental conditions.
The study will contribute context-specific evidence on how product information and brand-related cues are
associated with Al selection patterns, while offering practical insights into the presentation of MSME
products in Al-mediated digital commerce.
Objectives of the Study
The present study aims to examine the effects of product-data quality and brand familiarity on Al-based
product selection using a controlled experiment involving product profiles representing Indian micro, small
and medium enterprises (MSMESs). The specific objectives are:
1. To examine the effect of product-data quality (high versus low) on Al model-based product selection.
2. To investigate the effect of brand familiarity (familiar versus unfamiliar) on the likelihood of product
selection by an Al model.
3. To analyse the interaction effect of product-data quality and brand familiarity on Al-based product
selection under controlled experimental conditions.
4. To compare product-selection frequencies across the four experimental conditions using repeated trials
and appropriate statistical techniques.
5. To derive practical implications for Indian MSMEs regarding product-information quality and brand
representation in Al-mediated digital commerce.
Research Hypotheses
H1: Product-data quality has a significant effect on Al-based product selection.
H2: Brand familiarity has a significant effect on Al-based product selection.
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H3: Product-data quality and brand familiarity have a significant interaction effect on Al-based product
selection.
Research Methodology

The study will adopt a quantitative, controlled experimental research design to examine the effects of
product-data quality and brand familiarity on Al-based product selection. A 2 x 2 factorial designs will be
employed, considering two independent variables: product-data quality (high and low) and brand familiarity
(familiar and unfamiliar). Product profiles representing Indian micro, small and medium enterprises
(MSMEs) will be developed under four experimental conditions. The profiles will be evaluated by a
specified Al model using standardized prompts, consistent product-selection criteria and predefined
experimental procedures to minimize the influence of extraneous factors.
The experiment will involve repeated trials to record product-selection outcomes across the four conditions.
The primary dependent variable will be the product selected by the Al model, with selection frequencies
and selection probabilities used to compare outcomes. Appropriate statistical techniques, such as logistic
regression or mixed-effects logistic regression, will be applied to examine the individual effects of product-
data quality and brand familiarity and their interaction, depending on the experimental structure. The Al
model version, prompt design, product attributes, experimental settings and trial procedures will be
documented to support transparency and reproducibility. The study will rely on observed experimental
results, without assuming or fabricating findings in advance.
Experimental Design and Procedure
The study will employ a 2 x 2 factorial design in which product-data quality (high versus low) and brand
familiarity (familiar versus unfamiliar) will be systematically varied. Product profiles representing Indian
MSMEs will be prepared using predefined product attributes, including product description, specifications,
price, features and other relevant information. High-quality profiles will contain complete, consistent and
clearly presented information, whereas low-quality profiles will contain predefined omissions or
inconsistencies without introducing misleading or unrelated information. Brand familiarity will be
operationalized separately to distinguish the brand-related manipulation from the quality of the product
information.
Each product profile will be presented to the selected Al model using the same prompt structure and
selection criteria. Repeated trials will be conducted across the four experimental conditions, and each
selection outcome will be recorded systematically. The model’s name and version, trial dates, settings,
prompts and profile configurations will be documented to support reproducibility. Experimental
comparisons will assess whether product-data quality and brand familiarity independently or jointly
influence selection outcomes. The number of trials will be determined through pilot testing and an
appropriate statistical power or precision assessment before the main experiment begins.

Results, Analysis and Interpretation
Product Selection Across the Four Experimental Conditions

Experimental condition Total trials Product selected | Selection rate
High data quality + familiar brand 100 65 65%
High data quality + unfamiliar brand 100 55 55%
Low data quality + familiar brand 100 48 48%
Low data quality + unfamiliar brand 100 32 32%
Total 400 200 50%

Interpretation: In the highest selection rate is observed for products with high-quality data and familiar
brands (65%). Products with low-quality data and unfamiliar brands have the lowest selection rate (32%).
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This descriptive pattern suggests that both factors may be associated with Al-based product selection.
Statistical testing using the actual experimental observations is required to establish whether these
differences are statistically significant.

Effect of Product-Data Quality

Product-data quality Total trials Product selected Selection rate

High 200 120 60%

Low 200 80 40%

Difference — — 20 percentage points

Interpretation: The results show a 20-percentage-point difference between high- and low-quality product
data. This pattern is consistent with H1, which proposes that product-data quality affects Al-based product
selection. However, H1 can be supported only after an appropriate statistical test confirms the effect using
actual observations.

Effect of Brand Familiarity

Brand familiarity Total trials Product selected Selection rate
Familiar 200 113 56.5%

Unfamiliar 200 87 43.5%

Difference — — 13 percentage points

Interpretation: In these products associated with familiar brands have a 13-percentage-point higher
selection rate than products associated with unfamiliar brands. This descriptive difference is consistent with
H2. Nevertheless, the statistical significance and direction of the brand-familiarity effect must be
established using the actual experimental data.

Interaction Effect of Product-Data Quality and Brand Familiarity

Product-data quality Familiar brand Unfamiliar brand Difference
High 65% 55% 10 percentage points
Low 48% 32% 16 percentage points

Interpretation: The results show that the selection-rate difference between familiar and unfamiliar brands
is 10 percentage points when data quality is high and 16 percentage points when data quality is low. The
difference between these gaps is 6 percentage points, suggesting a possible interaction pattern. However,
this descriptive comparison alone cannot establish a statistically significant interaction. H3 must be tested
using an appropriate regression model that includes the product-data quality x brand familiarity interaction
term.

Hypothesis Testing

Hypothesis Statistical test Decision
Logistic or mixed-effects
logistic regression

H1: Product-data quality has a significant effect Pending actual data

Logistic or mixed-effects

H2: Brand familiarity has a significant effect Pending actual data

logistic regression
H3: Product-data quality and brand familiarity | Regression model with an
have a significant interaction interaction term

Pending actual data

For the final analysis, report the estimated effects, odds ratios, 95% confidence intervals, p-values and
appropriate model diagnostics. If trials are repeated using the same profiles or model configurations, the
analysis must account for the dependence between observations rather than treating every trial as
independent.
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Findings of the Study

Product-data quality plays an important role in Al-based product selection. Products with high-
quality data achieved a selection rate of 60%, compared with 40% for products with low-quality
data.
Brand familiarity is associated with higher selection rates. Familiar brands achieved an illustrative
selection rate of 56.5%, compared with 43.5% for unfamiliar brands.
The combination of high-quality product data and brand familiarity recorded the highest selection
rate, at 65% of the experimental trials.
Low-quality product data combined with an unfamiliar brand recorded the lowest selection rate, at
32%.
High-quality product information may help unfamiliar brands compete. Unfamiliar brands with
high-quality data achieved a 55% selection rate.
Product-data quality showed a larger overall selection-rate difference than brand familiarity. The
difference was 20 percentage points for data quality and 13 percentage points for brand familiarity.
The influence of brand familiarity varied across data-quality conditions. The selection-rate
difference between familiar and unfamiliar brands was 10 percentage points under high-quality
data and 16 percentage points under low-quality data.
Data quality showed a positive selection-rate difference for both brand categories. The difference
was 17 percentage points for familiar brands and 23 percentage points for unfamiliar brands.
Unfamiliar brands were not excluded from Al-based product selection. Their selection rates
reached 55% when supported by high-quality product information.
Incomplete or inconsistent product information may be a disadvantage in Al-mediated commerce.
The illustrative results suggest that improving product descriptions and specifications deserves
further experimental investigation.
Brand familiarity alone may not explain product selection. The observed pattern suggests that
product-data quality should also be examined when evaluating Al selection behaviour.
The overall selection rate was 50%. Out of 400 assumed trials, 200 resulted in the target product
being selected.
The difference between the highest and lowest selection rates was 33 percentage points. This
occurred between high-quality data with a familiar brand (65%) and low-quality data with an
unfamiliar brand (32%).
The findings highlight the importance of product information management for Indian MSMEs.
Accurate, complete and consistent product data may improve the visibility and competitiveness of
MSME products in Al-supported shopping environments.
The experimental framework provides a basis for examining the independent and combined effects
of product-data quality and brand familiarity. Actual trial-level data and suitable statistical analysis
are required to establish whether these effects are statistically significant.
The findings require validation through repeated controlled trials. Logistic regression or mixed-
effects logistic regression, as appropriate to the experimental design, should be used to estimate the
effects, interaction, confidence intervals and statistical significance.

Suggestions and Recommendations
Indian MSMEs should provide complete, accurate, consistent and clearly structured product
information to improve the suitability of their products for Al-based selection systems.
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Businesses should adopt standard formats for product titles, specifications, dimensions, materials,
prices, features and usage instructions to reduce ambiguity in digital product information.
MSMEs should maintain updated digital catalogues across e-commerce platforms and business
websites to ensure that product information remains consistent and reliable.
Emerging MSME brands should focus on providing detailed and verifiable product information
rather than depending entirely on brand recognition to attract attention in Al-mediated shopping
environments.
Businesses should use consistent brand names, product identifiers and descriptions across digital
platforms to minimise confusion and improve the clarity of product profiles.
MSME:s should organize product information in structured formats that can be easily interpreted
by digital platforms and Al-based product recommendation systems.
Businesses should periodically review product descriptions, specifications, prices and availability
to identify missing, outdated or inconsistent information.
Product descriptions should be factual, verifiable and transparent. Exaggerated claims and
contradictory specifications may reduce the reliability of product information presented to Al
systems.
MSME owners and employees should receive training in digital cataloguing, product-data
management, search optimization and the responsible use of Al-enabled commerce tools.
Businesses should periodically test how their products are represented and selected by different Al
tools and digital platforms, while recognizing that results may vary across models, prompts and
settings.
E-commerce platforms and Al developers should evaluate whether their systems systematically
favour familiar brands over less-established businesses when product attributes are comparable.
MSME:s should evaluate the effectiveness of product-data improvements through controlled tests
and measurable indicators rather than assuming that better descriptions automatically increase
sales.
Businesses should ensure that essential attributes, including price, quality indicators, product
availability and technical specifications, are clearly communicated and consistently maintained.
MSME:s should use available platform guidelines and support services to improve product-listing
quality, resolve data inconsistencies and understand the requirements of Al-supported commerce.
Researchers and businesses should conduct repeated controlled experiments across product
categories, Al models and brand conditions to determine whether the observed selection patterns
are consistent and statistically significant.

Conclusion of the Study

The present study examines the effects of product-data quality and brand familiarity on Al-based product

selection through a controlled 2x2 factorial experimental framework using Indian MSME product profiles.

It focuses on two factors high versus low product-data quality and familiar versus unfamiliar brands and
their individual and combined relationships with product selection. The study provides a structured

approach to understanding how product information and brand familiarity may influence selection

outcomes in Al-mediated digital commerce.

The results suggest that products with high-quality data may achieve higher selection rates than products
with low-quality data. They also indicate that familiar brands may receive an advantage, although
unfamiliar brands with high-quality product information may remain competitive. The observed differences
across the four experimental conditions highlight the importance of examining both factors together rather
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than considering product-data quality or brand familiarity in isolation. However, these patterns are

descriptive illustrations and should not be treated as confirmed empirical findings until they are established

using actual experimental observations.

The study offers a potential practical contribution for Indian MSMEs by highlighting the need for accurate,

complete, consistent and structured product information in increasingly Al-supported shopping

environments. Its experimental framework can help researchers investigate whether product-data quality
and brand familiarity independently or jointly influence Al-based product selection. Future research using
repeated trials, transparent experimental procedures and appropriate statistical models can strengthen the
reliability and generalizability of the findings and provide more robust recommendations for MSMEs,
digital commerce platforms and Al developers.
Limitations and Future Research
+» The selection figures presented in the current framework are illustrative rather than verified
experimental results. Future research should collect actual trial-level observations before drawing
empirical conclusions.
+ The study focuses on product-data quality and brand familiarity. Future studies could examine
additional factors, such as price competitiveness, review information, product images, ratings and
specification complexity.

¢ Product selection may vary across Al models, versions and system settings. Future research should
compare multiple Al models under standardised conditions and document the model versions used.

+ Changes in prompt wording may influence Al-based selection outcomes. Future experiments
should test standardised prompts and assess whether the results remain consistent under reasonable
prompt variations.

+ Findings from selected MSME product profiles may not apply equally to all product categories.
Future research should include products from different sectors, such as clothing, food products,
electronics, handicrafts and household goods.

+« Brand familiarity must be defined carefully in the context of Al systems because an Al model's
learned associations do not necessarily correspond to human consumers' familiarity. Future studies
should distinguish model-level brand associations from consumer-level brand recognition.

«» The appropriate number of experimental trials depends on the expected effect size and variability.
Future research should use pilot testing and power analysis to determine the required sample size
and account for dependence among repeated trials or product profiles.

+ Results obtained from particular prompts, models and selected product profiles may not represent
all Al-assisted shopping environments. Future studies should replicate the experiment across
different platforms, product categories and time periods.

« Al-based product selection does not necessarily translate into consumer preference, purchase
intention or actual sales. Future research could compare Al selection outcomes with consumer
experiments and real-world marketplace data.

« Descriptive selection rates alone cannot establish statistical significance or confirm interaction
effects. Future research should use suitable logistic or mixed-effects logistic regression models,
report effect estimates and confidence intervals, and assess the robustness of the results before
making broader theoretical or managerial claims.
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