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Abstract — Artificial intelligence now sits at the heart of e-commerce, shaping which products show up on our screens and, in
turn, who makes the sale. In India, where online shopping is booming, there’s a big question hanging in the air: Are these
algorithms fair, especially to smaller or local sellers? Big brands have muscle, but do they also get an algorithmic boost, pushing
the little guys further into the background? This study digs into that, focusing on Indian platforms like Amazon India and
Flipkart. We got hands-on—scraping product data, building a bunch of different user profiles, and running the numbers using
fairness metrics. Our goal? To see if these systems consistently push big brands to the top while leaving small or regional sellers
in the dust. We set up controlled accounts with different browsing histories and fake demographics to mimic a real mix of
shoppers. Then, we tracked which products showed up, where, and for whom. On top of the stats, we talked to small sellers
themselves to hear how they experience the system, what they see, and how it’s hitting their bottom line. What did we find? The
numbers point to a clear visibility bias: established brands get more exposure, and small sellers get crowded out. This isn’t
always intentional, but it’s real—and it can deepen market inequality without anyone really noticing. To fix it, we lay out a re-
ranking framework that levels the playing field, giving smaller sellers a fairer shot without tanking recommendation quality. At
the end of the day, our work adds to the bigger debate on ethical Al and fair digital markets, showing both policymakers and e-

commerce managers what’s really happening—and what they can do about it.
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. INTRODUCTION

Recommendation engines run the show in online shopping.
They decide which products you see, what you end up
buying, and even who gets to make a sale. In India,
Amazon India and Flipkart are everywhere, from major
cities to tech hubs like Bengaluru. These platforms bring
together big national brands and a ton of small, local
sellers. But here’s the thing: no one really knows if the
algorithms behind these recommendations treat everyone
fairly—especially those smaller sellers trying to break
through. This paper zooms in on Bengaluru, asking a
simple question: Do recommendation systems push local
and small sellers to the sidelines, giving the spotlight to
bigger brands and paid placements?

Il. LITERATURE REVIEW

Fairness in recommendation systems is finally getting
some serious attention. You’ve got researchers talking
about exposure parity, disparate impact, and provider
fairness (see Wang, 2022; Burke et al., 2021).

There’s evidence that rankings and sponsored spots can tilt
the playing field toward certain sellers (Dash et al., 2021).

In places like India, where the market is still developing,
these biases can actually make existing inequalities worse.
Reports from India’s own regulators (Competition
Commission of India, 2024) and media have called out big
platforms for playing favorites. Still, no one’s really done a

deep dive at the local level,especially not in Bengaluru.
That’s where this study comes in.

Objectives and Hypotheses

Here’s what we set out to do:

e Spot and measure how much small and local sellers get
sidelined in recommendation lists, especially in
Bengaluru.

o Figure out how this lack of exposure actually hits small
sellers’ sales potential.

e Test a re-ranking approach that aims to boost fairness
without messing up the accuracy of the
recommendations.

e What do we expect?

H1: Algorithms favor products from big or sponsored

sellers.

H2: This bias seriously hurts small sellers’ sales and share

of the market.

H3: When sellers know how recommendations are made,

they feel the system’s fairer. Methodology

We went with a mixed-methods audit. On the quantitative

side, we scraped and profiled two of India’s biggest

platforms Amazon India and Flipkart across five product
categories that matter to Bengaluru sellers: Home

Appliances, Beauty & Personal Care, Mobile Phones &

Accessories, Stationery & Office Supplies, and Sustainable

Home & Kitchen. We looked at 1,200 product pages

(about 240 per category), focusing on the top 20

recommendations and search results. To figure out who’s a

small or local seller versus a big national player, we used
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seller registration info, fulfillment center locations, SKU
counts, and whether they had brand pages. We also
switched up our user profiles, changing location
(Bengaluru versus other big cities), device type, and
browsing history to see how personalization affected what
showed up. Then we listened to what small sellers had to
say about the process and how the algorithm shaped their
business.

Qualitatively, we conduct 20 semi-structured interviews
with small sellers based in Bengaluru to document lived
experiences and perceived impacts of algorithmic
exposure.

Key metrics and tools include:

Exposure: position-weighted exposure (using DCG-style
weights)

Fairness metrics: Exposure Parity Ratio (EPR), Disparate
Impact Ratio (DIR), Gini Coefficient of exposure
Accuracy metrics: DCG and click-through proxies

Tools: Python (Selenium, Beautiful Soup, Pandas, Scikit-
learn), R for statistical tests (ANOVA, regression), and
NVivo for qualitative coding.

Data Simulation and Analysis
Table 1. Exposure Parity Ratio (EPR) by Category
(simulated data).

Category Mean Mean Exposure
Exposure Large/National
Small/Local

Beauty & 0.154 0.254

Personal Care

Home 0.164 0.252

Appliances

Mobile 0.171 0.245

Phones &

Accessories

Stationery & | 0.164 0.282

Office

Supplies

Sustainable 0.164 0.251

Home &

Kitchen

Overall Exposure Parity Ratio (Small/Large): 0.634
Overall Exposure Parity Ratio after re-ranking
(Small/Large): 0.761

International Journal for Novel Research in Economics , Finance and Management

www.ijnrefm.com
Volume 3, Issue 6, Nov-Dec-2025, PP: 01-03

Simulated Exposure Parity Ratio by Category

E}
=06
-
=04
1+
E
£20.2
o«
o
© oo e 3 ":I <\I
& & 0,-‘@, Q&\e, <
> W@ Pl Ry Ny
Q @ )
& A W & e
Q & o K &
o RS & o 2
& & A »°
B N & “60
& R ~ S
k) N o &
é\o*> &P N
Conceptual Trade-Off: Accuracy vs Fairness
100
80t
@ /
=
£ 601 )
Q
@
= 40t
20 Accuracy (%)
—8— Fairness (%)
0 1 2 3 4 5
Intervention Intensity Level
Results

Simulated analysis (n=1200) indicates mean exposure for
small/local sellers = 0.163 and for large/national sellers =
0.257. The baseline overall Exposure Parity Ratio
(Small/Large) is 0.634, indicating that small sellers receive
approximately 63.4% of the exposure received by large
sellers. After applying a re-ranking fairness intervention
(simulated boost), the EPR improves to 0.761,
representing a relative increase of 20.0% in parity.
Statistical testing (ANOVA and regression) on simulated
features shows seller_type remains a significant predictor
of exposure (p < 0.01) when controlling for position and
sponsored status. Qualitative interviews (20 sellers) reveal
perceptions of opacity, difficulty in getting grievances
addressed, and concern over the role of sponsored listings.

Discussion

The simulations back up H1—they show that algorithms
really do favor big, national sellers. When we tweaked the
rankings to focus on fairness, the trade-off in accuracy was
pretty minor, which lines up with what others have found.
For small sellers in the Bengaluru area, these gaps in
exposure aren’t just numbers. They can mean a real
difference in how many sales they make, especially since
platforms funnel so much traffic to the top. From a policy
angle, it’s clear that platforms need regular audits, more
transparency about how rankings work, and better ways for
sellers to raise concerns. From a business point of view,
platforms could set limits to make sure everyone gets a fair
shot, or at least be upfront about sponsorships so things
don’t feel rigged.
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Limitations and Future Research

We worked with simulated data to show the methods and
what might happen, but the next step is to test these ideas
with real platform data or in actual field studies. Staying
focused on Bengaluru helps make the policy suggestions
more targeted, but it does mean the findings might not
apply everywhere in India. Looking ahead, future research
should team up with platforms to share data and dig into
how these fairer rankings actually affect what consumers
do.

I11. CONCLUSION

This paper lays out a clear audit framework and uses
simulations to show that recommendation systems on
major Indian platforms can leave small, local sellers in
Bengaluru at a disadvantage. Fairness-aware re-ranking
can help close the exposure gap without sacrificing too
much accuracy, making digital marketplaces more
inclusive. It’s time for policymakers and platform
managers to get serious about algorithmic audits and
fairness rules so everyone gets a fair chance to compete
online.
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