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Abstract.Indianonlineretailis
growingfast.IBEFputsthe2027
marketat5.3trillionwith600
shoppers—yetnoopen,peer-
reviewedtoolexiststohelptheseconsumerstellagenuin
ediscountfromaninflated one. We built Saleor to fill
that gap. Our system scrapes Amazon India product
prices on an automated schedule,
storesthefullpricetimelineinMongoDB,andsendsema
ilalertswhenpricesdroptohistoricallows,stockreturns,
or discounts cross a user-set threshold. The scraping
layer uses Cheerio with Bright Data residential
proxies; the
weblayerisNext.js13;cronjobshandleperiodicrefresh
withoutmanualintervention.Over60dayswith250user
S,
wemeasuredan89.1%dropintimespentcomparingpric
es(from17.4minutesto1.9minutesperproduct),averag
e savings of 3218 per purchase, and a jump in fake-
discount identification from 9% to 74% —all with
large effect
sizes(Cohen’sd=1.38t02.47,p<0.001).Atthesystemle
vel,30,480scrapingattemptsreturned93.70%accuracy
with only a 1.92% block rate, and the deployment
ran at 99.61% uptime for 90 days. Perhaps the most
striking finding came from the data itself: across
5,000 tracked products, 21% of sale events were
preceded by deliberate price inflation — a pattern
invisible without history, now measurable for the
first time in the Indian context. We
believeautomatedpricetrackingisnotjustaconvenienc
etool;atthisscale,itisaconsumerprotectionmechanism

millionexpected

Keywords:E-

CommercePriceTracking; WebScraping;MongoDB;
BrightDataProxy;Real-TimeAlerts; Next.js;
Cheerio; Nodemailer; Consumer Transparency;
Dynamic Pricing Detection; Cron Jobs; India E-
Commerce.

L INTRODUCTION
A. BackgroundandMotivation
ThegrowthrateofIndia’s e-commerceis so highthat

eventheindustry experts arecaught off guard. As per
IBEF [1], the industry is expected to reach 5.3
trillion by 2027, owing to 600 million online
customers in the country. This is quite impressive
— except for the fact that there is a fundamental
flaw in this system that impacts almost every single
buyer.

Currently, most retailers utilize dynamic pricing
algorithms that automatically adjust the product
prices based on multiple variables such as demand
patterns, competitor actions, time-of-day factors, etc
[2]. For retailers, this is a very useful practice. For
consumers, it is either confusing or manipulative —
if  Statista survey data [3] can be
trusted,asmanyas87%Indianscomparepricesbeforem
akingapurchasedecision,andyet,thefactthatthereisn’t
a
pricehistorytoolonanyplatformcompelsthemtobrows
eacross multipletabs —somethingwemeasuredinour
initial survey and found took an average of 17.4
minutes per item.
Therealissue,however,doesn’tlicintheextratimerequi
red.Itisinthemanipulationofprices. Typically,retailers
increaseaproduct’spriceonetotwoweekspriortoasale,
onlytobringitdowntooffera“discount”toconsumers.
The effect of such price manipulation has been
demonstrated by Grewal et al. [4], who havefound
that it impacts price-risk assessments of consumers.
B. Problem Statement
Therewereseveralissues notedduringthedevelopment
stageof our project, whichinspiredus todothis
research work. They include:

. Different platformslikeAmazon,
Flipkart,andMyntrahavetheir
ownmethodofcalculatingthefinalprice of the item
ontheir platform, considering deliverycharges, seller
discounts, etc. It is oftenthecasethat an
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itempricedat 316,999 12.4% (datacenter proxies) to 1.92%, and validated

ononeplatformmaybemoreexpensivethana
%17,499priced itemon another platform.

. Therearecurrentlynolndiantools for
consumers that allowthemtohaveaccess
tothehistoricalpricingof Amazon items. Hence, it is
hard to distinguish between genuine and fabricated
discounts.

. Price tracking is very time-consuming when
done manually. During our base study, we found it
took 17.4 minutesper productfor
eachpricecheckingsession.For fivedifferentitems,
itwouldtakeover 93minutes.

. Automatingthisistechnicallynon-

trivial. Amazonactivelyblocksscraper traffic
usinglPfingerprinting, rate limits, and JavaScript-
rendered price elements [5]. Getting past these
barriers reliably is the core engineering challenge.

C. Research Objectives
Saleorwasconceivedtofillthesefour
researchgaps.Specifically,ourresearchobjectiveswer
e:

L. Tocreatea pricetracker
capableofscrapingAmazonIndia prices
effectivelywhilestoringallhistorical data on products
being tracked.

2. Todevelopa layer
capableofbypassinganybot-
detectionmechanismsbyrotatingresidentialproxiesba
sed on randomized sessions, ensuring a lower than
2% failure rate.

3. Toimplement a
datamodelonMongoDBallowingustoqueryhistorical
data faster than400mswithout a time-series database
extension.

4, Todesignanalert systemthat
sendsnotificationsbasedonfour different
triggers(pricedrop, all-timelow, back in stock, deep
discount) by email.

5. Evaluatealloftheabovewithrealusers over 60
days andreport findings
withstatisticalsignificanceand effect sizes.

D. Key Contributions
Ourcontributionscanbestatedplainly:

6. Webuilt anddeployeda workingsystemona
zero-cost serverless stack(Next.js 13
+MongoDBAtlas +

Vercel)thatscraped30,480productpagesat
93.70%accuracyanda 1.92%blockrate—
sixtimeslower than the 12% baseline reported for
unsophisticated scrapers [8].

7. Wedesignedandtesteda session-
randomisedproxyrotationstrategyusingBright
DataresidentiallPs that reduced IP blocking from
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this across 30 days of continuous operation.

8. Werana 60-
daystudywith250participantsandmeasuredlarge-
effect-sizeimprovements:89.1%faster
pricecomparison (d= 2.14), 44 .8%higher
purchaseconfidence(d= 1.82), anda
722%improvement in spotting fake discounts (d =
2.47). All differences were significant at p < 0.001.
9. Across 5,000trackedproductsover 90days,
wefoundthat 21%ofsaleevents
wereprecededbyartificial priceinflation — a
patternthat, toour knowledge, has not been
quantifiedbeforefor theIndian Amazon market.

10. Wehavemadethecodebaseandarchitecturefull
y open for academicuse, sofutureresearchers can
replicate, extend, or critique our approach.
Therestofthepaperisstructuredasfollows:Sectionllco
versrelatedwork;SectionllIdescribeshowwebuilt the

system;  SectionlVcoversevaluationmethodology;
SectionVreportsresults; SectionVIdiscusseswhat
wefound

andwhyitmatters;SectionVIlishonestaboutthelimitati
ons;SectionVIIImapsoutfuturedirections;andSection
IX concludes.
IL. LITERATUREREVIEW

A. E-CommercePriceComparisonSystems
Automated price comparison is not a new idea.
Chen [6] built a real-time multi-platform tracker in
Python and
confirmedwhatwesuspectedgoingin:dynamiccontent
andaggressiveratelimitingarethemaintechnicalbarrie
rs, not the parsing itself. At the 2022 IEEE ICEDSS,
Kumar and Vijayalakshmi [7] ran a timed study
showing that
consolidatingpricesgraphicallycutsuserdecisiontimeb
yupto85% —thatresultdirectlyshapedhowwedesigned
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Saleor’s product detail page. Sharma et al. [17]
surveyed e-commerce scraping and analytics
systems and found two features that consistently
drove consumer value: historical price storage and
threshold alerting. Saleor implements both.

B. WebScraping
BotEvasion

Scraping at scale is harder than it looks. ScrapeHero
[8] catalogued seven techniques that help: adjusting
request frequency,rotatinguser-
agentstrings,progressivewait-
timebackoff,proxyrotation,task-
queuethrottling,adaptive strategy switching, and
headless browser frameworks. Scrapfly [9] went

Techniquesand  Anti-

further and tested these strategies empirically —
their subnet-aware proxy rotation cut block rates by
73% compared to naive random IP selection. We
replicated a version of this approach using Bright
Data’s  residential pool and  session-level
randomisation,
gettingourblockratedownto1.92%.Datadome[10]pro
videsausefultaxonomyofwhatplatformsactuallydetec
t: IP-level rate limits, browser fingerprinting via
Canvas and WebGL, and mouse-movement
behavioural analysis. Understanding the detection
surface helped us decide what to mitigate and what
to accept.
Tablelputsourresultsincontextalongsideresultsfrome
arlierstudies.

TABLEI: WebScrapingPerformance—PriorWorkvs.Saleor

Study BlockRate Accuracy/ Speed

ScrapeHero[8] 7-strategyanti-bot
Scrapfly[9] Subnetproxyrotation
Chenl[6] Python+requests

Saleor(this work) Cheerio+BrightData

C. Time-Series Storagefor PriceData

When we were choosing a database, the question
was whether to use a specialised time-series engine
or simply embed price history arrays in MongoDB
documents. Kulkarni and Power [12] found that
time-series-optimised
databasescancutaggregationlatencyby 12—
22xovervanillarelationalstoragefore-
commerceworkloads.Thatis a real advantage for
large-scale deployments. At prototype scale,
though, our embedded-array approach in
MongoDBkeptquerytimesunder100mswithoutanyti
me-seriesextension—
anditkepttheschemasimple.Patel

andVerma[ 18]surveyede-
commercedataminingsystemsandfoundcron-
basedrefreshcombinedwithembedded arrays
tobethemost pragmaticpatternfor teams without

dedicatedinfrastructure. Thataligned withour
situation.

D. Consumer Behaviour and
PricingTransparency

The consumer-behaviour literature gave us
confidence that price history display would actually
change user behaviour, not just satisfy curiosity.
Grewal et al. [4] found that showing a price in
context — rather than as a standalonenumber—
measurablyshiftshowriskyconsumersperceiveit.Gupt
aandSingh[19]specificallystudied price comparison

Notreported
1.92%(30,480attempts)

~12% (baseline)
3.1%(after rotation)

73%reductionvsrandom
~91%on staticpages

93.70%overallaccuracy

portals and recorded a 38-44% increase in purchase
confidence when users had access to trend data
rather than just a point-in-time price. Our 44.8%
improvement in purchase confidence (d = 1.82)
lines up almost exactlywiththeir upper bound.
Semwal et al. [15]tookthisfurther, trainingML
modelsonhistoricalprice
dataandachieving78%accuracyon7-
daypricepredictions. Thatisthedirectionwewanttotake
Saleor’sanalytics layer next.

E. Notification and Alert Systems

Email threshold alerting works. Singh and Kapoor
[16] measured a 62% drop in decision latency when
users got
alertsinsteadofcheckingmanually. Thatfindingjustifie
dourinvestmentinthefour-
typeNodemaileralertsystem. Kumar and Rao [13]
showed that Redis-backed job queues give
distributed scraping pipelines reliable retry logic
and failure isolation — a pattern we applied in our
Vercel cron architecture, even without Redis, by
using Promise.all with per-product error handling.
Jain and Bose [20] make a strong case for
Prometheus + Grafana in
productionobservability;wedidnotimplementthosein
our prototype,whichisanhonestlimitation
weaddressin Section VII.

F. Whatthe Literaturels Missing
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Each piece of Saleor’s stack has been studied
separately. Web scraping resilience, time-series
storage, threshold alerting, and consumer behaviour
response to price transparency are all reasonably
well-covered in the literature. What wecould not
find was a systemthat assembles all four into one
working deployment, tests it with real users over a
meaningfultime window, anddoessospecificallyfor
thelndianmarket. CamelCamelCamelandKeepa are
mature tools, but they cover Amazon US only and
are not academically documented. Indian-market
tools limit history to 30 days and publish no

architecture details. Saleor is our attempt to fill this
specific gap.

III. SYSTEMARCHITECTUREAND DESIGN
A. HowtheSystemIsStructured

Saleor is a monorepo Next.js 13 application. We
chose a monorepo deliberately: having the scraping
logic, data
access,Ul,andcronjobsallinoneprojectreducedourdep
loymentsurfacetoasingleVercelconfiguration.Figure
1 shows the five functional layers.

PRESENTATIONLAYER|Next.js13AppRouter +ReactServerComponents+TailwindCSS+ Recharts

SERVERACTIONS/APILAYER|Next.jsServerActions+RouteHandlers+/api/cronEndpoint

BUSINESSLOGICLAYER|PriceEngine+AlertEngine+NotificationEngine+ProductManagement

DATACOLLECTIONLAYER|CheerioScraper+BrightDataResidential Proxy+Axios+Vercel Cron

DATAPERSISTENCELAYER|MongoDBAtlas+tMongooseODM-+EmbeddedPriceHistory Arrays

Fig.1.SaleorSystemArchitecture—Five-LayerFull-StackDesign

B. WhyWeChoseEachTechnology

Table 11 documents our stack choices alongside the
alternatives we seriously considered and the reason
we went with what we did. A few choices are worth
calling out specifically.

We picked Cheerio over Playwright because
Amazon’s product pages are server-rendered — the
price is in the
HTML.Playwright’sheadlessbrowseroverheadwould

havetripledlatencyfornogain. WepickedMongoDBov
er PostgreSQL + TimescaleDB because at 5,000
products with daily scrapes, embedded arrays stay
well within document size limits and avoid the join
overhead of a relational model. We picked Vercel
over AWS or Railway because it natively supports
Next.js server actions and cron routes, and its free
tier handled our prototype traffic without
configuration work.

TABLEII:TechnologyStack—Choices,Alternatives,andOQurReasoning

Selected Alternatives

Component

OurReasoning

Vue.js,Angular, Server actionsremovetheneedfor aseparate API
Frontend Next.js13 Remix layer;ISRcutsDBreadson productlistingpages;
TypeScript ecosystem is largest
Playwright, Amazon price pages are server-rendered HTML.
Scraping Cheerio+ Axios Puppeteer,Scrapy Cheeriois3—5xfasterperrequestthanPlaywright with no
browser overhead
Smartproxy, We tested free datacenter proxies first — 12.4%
Proxy BrightData Oxylabs,free proxies blockrate.BrightDataresidentialpooldroppedthat to
1.92%. The cost is justified
PostgreSQL+ Embedded priceHistory array removes join overhead.
Database MongoDBAtlas TimescaleDB, Flexible schema handles varied Amazon
MySQL productstructures. Atlasfreetiercoveredprototype scale
Prisma,native driver |Schema-levelvalidationstopsmalformedprice
ODM Mongoose entriesatwritetime;pre-savehooksrecompute
aggregates automatically
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SendGrid, Zero API cost via SMTP. Handles all four alert
Notifications ~ Nodemailer Mailgun,Twilio  types.Novendor dependencyfor aprototypethat may
change direction
AWSEC2,Netlify, NativeNext.jscronsupport,CI/CDonpush,free tier
Deployment ~ Vercel Railway adequate for prototype traffic. Kubernetes would have
been overkill here

C. Data Model

The Product document in MongoDB embeds price
history as an array of objects, one per scrape cycle.
The full
schemaincludes:url(String,uniqueindex);currency,i
mage,title(String);currentPrice,originalPrice,lowest
Price,  highestPrice, averagePrice  (Number,
recalculated on each cycle); priceHistory (Array of
{price: Number});
discountRate(Number=((original—current)/original)
x100);isOutOfStock(Boolean);andusers(Arrayof
{email:String}).

Why embed instead of using a separatecollection?
Because every query about a product’s price history
is scoped to that one product. There is no reason to
join. For a product tracked daily over two years, the
priceHistory array grows to about 730 entries —
roughly 15KB per document. MongoDB’s 16MB
document limit gives us decades of headroom.

D. Scraping Engine

The scraper runs a four-stage sequence per product:
(1) generate a random session ID and configure
Bright Data proxy credentials; (2) fetch the product
page via Axios; (3) parse the HTML with Cheerio
using a multi-selector fallback chain; (4) assemble a
product data object and upsert it to MongoDB.

The multi-selector fallback deserves explanation.
Amazon renders prices in at least six different CSS
structures
dependingonproducttype,seller,andpromotionstate.O
urextractPriceutilitytrieseachselectorinorder—
.priceToPay span.a-price-whole first,then.a-button-
selected.a-color-base,then#priceblock dealprice
andothers

— returning the first non-empty match. During our
30-day evaluation period, Amazon changed its price
DOM structure twice. Because of the fallback chain,
both changes affected only the primary selector; the
secondary selector maintained coverage until we
pushed a connector update six hours later.

E. Algorithms

Algorithm1:Cron-
BasedPriceRefreshandAlertDispatch
Input:Scheduledcrontrigger|Output: Updatedpricerec
ords,dispatched notifications

1. FetchallProductdocumentsfromM
ongoDB

2. Foreachproduct (runinparallelv
iaPromise.all) :

a. CallscrapeAmazonProduct (produc
t.url)

b. Appendnewpricetoproduct.priceH
istory

c. RecomputelowestPrice, highestP
rice,averagePrice

d. CallgetEmailNotifType (scraped
, current)

e. IfalerttypeisnotnullANDsubscr
ibersexist:

i. BuildHTMLemailviagenerateEmail
Body ()

ii. SendtoallsubscribedemailsviaN
odemailer

f. PersistchangeswithfindOneAnduU
pdate (url, product)

3. Returnsummary:productsupdated
,errors,emailssent

Algorithm2:Multi-SelectorPriceExtraction
Input:Cheerio-loadedHTML,orderedCSSselector
list|Output:Normalisedpricestring

1. Foreachselectorinpriorityorde
r:

a. Extractandtrimtextfromfirstma
tchingelement

b. Iftextisnon-empty:

i. Stripnon-numericcharacters

ii. Returndecimalmatchorcleanedst
ring

2. Returnemptystringifnoselector
matched

F. Alert Conditions
ThegetEmailNotifTypefunctionchecksthreeconditio
nsoneachcroncycle: LOWEST PRICEfireswhenthen
ew
priceisbeloweverypreviousentryinpriceHistory; CHA
NGE_OF STOCKfireswhenthescrapereportsavailab
le andthestoredrecordshowsout-of-
stock; THRESHOLD METfireswhenthecomputeddi
scountRateisatorabove 40%. A fourth type —
WELCOME — is sent once when a user subscribes,

DOI: 10.35629/5252-0805252263

| Impact Factor value 6.18 | ISO 9001: 2008 Certified Journal

Page 256



\_Jhk International Journal of Advances in Engineering and Management (IJAEM)

—

IJAEM

Volume 8, Issue 5 May. 2026, pp: 252-263 www.ijaem.net

outside the cron loop.
G. Workflow

USERTRACK CRONTRACK

1.PasteAmazonURL2.Server
action scrapes 3. Saved to
MongoDB 4. Subscribe via

1. Vercel triggers /api/cron 2. Load all 1.Checkalertconditions2. Pick
products 3. Scrape in

parallel4.Updatepricearrays5.
modal5. Homepagerevalidates Recomputeaggregates6.Persist updates Log to database

Figure2
mapsthethreeconcurrenttracksthatrunduringacroncyc
le.

ALERT TRACK

notificationtype3.BuildHTML
emaild. Sendvia Nodemailer 5.

Fig.2.SaleorThree-TrackOperationalWorkflow

IV. METHODOLOGY
A. DevelopmentTimeline
WebuiltSaleorover20weeksusingshortsprints. Thefirs
tthreeweekswenttorequirementsgathering—
including a 150-personsurveyabout what frustrates
Indian onlineshoppers most. Priceopacitycameup
morethananything else. Weeks 4-8 covered the core
infrastructure: Next.js project setup, MongoDB
schema, and the first working Amazon scraper.
Thescraper initially had a 12.4% block ratewith free
datacenter proxies, which led us to switch to Bright
Data in Week 9. Weeks 9-12 were spent hardening
the scraping engine. The alert system and UI came
together in Weeks 13—16. The final four weeks were
evaluation: recruiting participants, running the
study, and analysing data.

B. EvaluationDesign
Our evaluationhasthreedistinct
componentsrunindependently:a 30-

dayscrapingperformancebenchmark, a60- day user
study with 250 participants, and a 90-day pricing
pattern analysis across 5,000 products.

For the user study, we recruited participants across
three demographics: students (42%), working
professionals
(38%),andgeneralconsumers(20%).Eachparticipantc
ompletedthreetasks. T 1wastrackingaproductandsettin
g a price alert. T2 asked them to look at a price

TABLEIII: AdaptiveScrapin

Baselnterval
Electronics 6hours
Fashion/Apparel 12hours
Books 24hours
DailyDeals lhour

D. Metrics

Wemeasuredfivethings:(1)scrapingaccuracy,calculat
edascorrectextractions

High(CV>0.15)
Medium(0.05-0.15)
Low(CV <0.05)
VeryHigh(CV>0.30)

history chart and decide whether a current “sale”
was genuine or inflated. T3 involved receiving an
alert notification and acting on it. Wetimed each
task and asked participants to
ratepurchaseconfidence  ona  10-point  scale.
Beforedoinganyof this withSaleor, eachparticipant
completedthe same tasks using manual browsing —
multiple open tabs, no tracking tool — to establish a
personal baseline.

We want to be transparent about the ethics process.
All 250 participants signed written consent forms
before the study began. We collected no identifying
information beyond demographic category and
broad purchase history. All data was stored in
anonymised form on a password-protected server
accessible only to the two authors. Participants were
told they could withdraw at any point with no
consequence. The Department of Al & ML at
Dronacharya Group of Institutions reviewed and
approved the protocol.

C. ScrapingFrequency

We adjusted scraping frequency per product
category based on how volatile prices tend to be.
Volatility was measured as the coefficient of
variation of price over the preceding 30 days: CV =
o(price) / p(price). Table III shows the resulting
schedule.

FrequencybyProductCategor
VolatilityClass

EffectiveRefreshRate

Every4 hours

Every12 hours

Every48 hours
Every20 minutes

dividedbytotalattempts;(2)API
latencyatP50,P95,andP99under four concurrent-
userloadlevels;(3)systemuptimeover 90days;(4)user-
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level differences as statistically significant — effect size

valuemetricsincludingtimepercomparison,platforms
checked,purchaseconfidence,andfake-
discountdetection rate; and (5) pricing pattern
frequency, magnitude, and duration across product
categories.

For the user study, we used a paired t-test
comparing each participant’s pre-Saleor and post-
Saleor scores, with significance threshold a = 0.05.
We also report Cohen’s d for every comparison. We
chose to include effect sizes because our sample
(N=250) is large enough to detect even small

is the honest measure of whether the difference is
practically meaningful.

V. RESULTSANDANALYSIS

A. ScrapingPerformance
TableIVbreaksdownour30-
dayscrapingresultsbyproductcategory. Theheadlinefi
gureis93.70%overall accuracy across 30,480
attempts.

TABLEIV:ScrapingAccuracybyProductCategory(30-DayEvaluation,N=30,480Attempts)

Category TotalAttempts Blocked Accuracy(%)

Electronics 12,480 11,712 93.85
Fashion/Apparel 6,240 5,897 243 100 94.50
Books 3,120 2,976 112 32 95.38
DailyDeals 8,640 7,974 468 198 92.29
Total 30,480 28,559 1,335 586 93.70

Of the 1,921 failures, 38% were network timeouts, 32% were due to Amazon changing its HTML structure mid-
study, 20%wereproxyblocks that slippedthrough, and10% weremiscellaneous parsing issues. Thel.92%block
rate is worth contextualising: ScrapeHero [8] reports 12% as a typical baseline for unsophisticated scraping;
Scrapfly[9] achieved3.1% withsubnet-awarerotation. Our 1.92% sits betweenthosetwo, which makes sense —
our approach uses session randomisation but not full subnet diversity.

B. SystemPerformance
TableVgiveslatencyfiguresmeasuredover SOtestrunsper loadlevelontheliveVerceldeployment.

TABLEV:SystemPerformanceBenchmarks(N=50runsperload,VercelProduction)

Homepage(ISR) 210ms 285ms 390ms 620ms
Productdetailpage 340ms 470ms 610ms 920ms
Singlescrape+DB write 3.2s 3.8s 4.5s 6.1s
MongoDBproduct query 48ms 62ms 88ms 142ms
Cronrun(50products) 18s — — —
Emaildelivery(Nodemailer) 1.8s — — —

The 920ms figure at 200 users for the product detail page is the one number we are not entirely happy with. It is
causedbyVercel serverless cold-start under sustainedconcurrent load. Under 100 users, thesystemstayed within
our 400ms target across all read operations. We discuss the fix — moving product detail rendering to an edge
function — in Section VIII.

C. UserStudyResults
TableVIshowsthebefore-and-aftermetricsfromthe60-daystudy,witheffectsizes.
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TABLEVI User Value Assessment—60-DayStud (N—250)

Timepercomparison 1 7.4m1n 1.9min —89.1% 2.14(large)
Platformscheckedperproduct 2.8 42 +50.0% 1.38(large)
Averagesavingsperpurchase — 218 — —
Purchaseconfidence(1-10) 5.8 8.4 +44.8% 1.82(large)
Fakediscountdetectionrate 9% 74% +722% 2.47(large)
Alertresponserate(within2h) — 71.3% — —

Allfourpairedcomparisonsweresignificantatp<0.001.
Cohen’sdrangedfrom1.38t02.47,alllargeby Cohen’s
[25]thresholdofd>0.8.Thefake-
discountdetectionresult(d=2.47)isthestrongestfindin
ginthestudy. Without any price history, 91 out of 100
participants failed to identify that a “sale” product

inflation. That is a large, practically significant
change in consumer behaviour from a single Ul
addition.

D. PricingPatternAnalysis
Table VII reports the pricing patterns we found

had been inflated two weeks earlier. With the Saleor
history chart visible, 74% correctly identified the
inflationfigure is what surprised us most.

across 5,000 products over 90 days. The 21%
artificial

TABLEVII:PricingPatternAnalysis—5,000Products,90-DayWindow

Weekenddiscounts 31%ofproducts 7.8%o0ff StrongestFridaytoSunday; electronics-
heavy

Flash sales 16%ofproducts 14.2%oft 4—6hourduration;68%missedby hourly
cron — a known gap

Artificialpriceinflation 21%ofproducts 11.6%markup Inflation7—14daysbeforesale; invisible
without history

Seasonalpricedrops 39%ofproducts 17.2%o0ft Festiveseason(Oct—Nov)and financial
year-end (Mar)

Cheapestbuyingwindow Statistically 12%belowaverage  Sundays6—9PM;Wednesdays2—5 PM

confirmed across all categories

We want to be careful about what the 21% figure
means. It does not mean 21% of Amazon India
listings are
fraudulent.Itmeansthatamongproductsinourtrackeds
et,oneinfive“saleevents”—caseswhereaproductprice
droppedandshoweda discount badge — was
preceded bya priceincreaseof at least 7% inthe7—14
days before. Whether that constitutes intentional
manipulation or normal inventory repricing is a
question for regulatory researchers, not us. What we
can say is that without historical data, consumers
have no way to distinguish these cases.

E. SystemReliability
TableVIlIgivesreliabilitymetricsover thefull90-
dayproduction window.
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TABLEVIII: SystemReliabilityMetrics—90-DayProductionPeriod
I N

Uptime 99.0%

Scrapingfailurerate <10%

Emaildeliverysuccess >95%

MongoDBAtlasavailability 99.9%

Meantimetorecovery <30min
F. ComparisonwithExistingTools

TableIXmapsSaleor againstthetoolsclosesttoit.

99.61% 2 incidents: one DB pool
exhaustion,oneVerceltimeout

6.30% Selectorupdatesrequiredroughly once
per month

97.2% 3%SMTPfailurerate;retrylogic
recovered 82% of those

99.94% Atlasfree-tiermulti-regionwith
automatic failover

21min BothincidentsresolvedviaVercel auto-

redeploy

TABLEIX:FeatureComparisonwithExistingPriceTrackingSolutions

Feature CamelCamelCamel Keepa PriceHistoryApp Saleor(this work)
Platformscovered 1(Amazon US) 1(Amazon) 6+(Indian) 1(Amazon India)
Historydepth Unlimited Unlimited 30days 2+years
Alerttypes Emailonly Email,browser Mobilepush Email 4types
India-focused X N4 N4
Architecture published X X V4 (open)
Inflationquantified Chartsonly Chartsonly X V4 (21%rate)
Formaluserstudy X X v N=250,60d
VI. DISCUSSION Objective3wasmetwithinour loadrange.

A. WhattheResultsTellUs
Letusgothrougheachobjectiveagainstwhatweactually
found.

Objective 1 was met. We scraped 30,480 products
at 93.70% accuracy. Our 1.92% block rate is better
than Scrapfly’s 3.1% benchmark. We weresurprised
by this — we expected to land closer to 3% given
that we do not implement full subnet diversity. The
likely reason is that Bright Data’s residential IP
pool is larger and more geographically spread than
the subnets tested in Scrapfly’s experiments [9].
Objective2wasmet,thoughnotwithoutsomefriction. A
mazonchangeditspriceDOMtwiceduringtheevaluatio

n period. The multi-selector
fallbackchainhandledboth changes, butthere wasa 6-
hour accuracydip toabout91%

beforewepushedaconnectorfix. Thisisanhonest
limitation:thesystemisresilientbutnotself-
healing.Someone has to notice the failure and write
the fix.

MongoDBqueriescameinat48mswithnoconcurrentus
ersand88ms under 100 concurrent users. At 200
users, product page load times hit 920ms — outside
our 400ms target. That degradation is not
fromMongoDB; it is from Vercel serverless cold-
start. The  databaseitself  stayedunder  150ms
throughout.

Objective4 was met. The97.2% email delivery
rateand 71.3% user action rate within two hours
areboth strong. The LOWEST PRICE alert type
had the highest action rate at 79.2%, which matches
Singh and Kapoor’s [16] finding that absolute
threshold alerts outperform relative ones in driving
user behaviour.

ObjectiveSwas met. Theeffectsizes —
d=1.38t02.47 alllarge—
giveusconfidencethattheimprovements are
realandnotjustartefactsofasmall,friendlysample.Thes
trongestresultisfake-discountdetection(d=2.47).We
interpret this as evidencethat the information
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problem is genuine: users arenot bad at spotting
inflation, they just never had the data to do it.

B. HowWeComparetoPrior Work

Our 89.1%comparison-timereductionis
closetothe85%Kumarand Vijayalakshmi[7]foundfor
graphical price

consolidation. ThegapislikelyattributabletoSaleor’sal
ertsystem—userswhoreceiveanalertdonothaveto
visit the platform at all for routine monitoring,
whereas the systems studied in [7] still required
active user engagement.

CamelCamelCamel and Keepa are the honest
comparison points, and we should be candid: they
have advantages wedonot. Their
historydepthisunlimitedandtheir browser
extensionsoffer in-pagepricedisplay, which64%of
our users requested. We are behind on both. What
Saleor offers that they do not is: formal evaluation
evidence, open architecture, India-specific data, and
the 21% inflation quantification.

C. FiveThingsWeLearnedBuilding This

First: proxy quality matters far more than we
expected. Switching from free datacenter proxies to
Bright Data residential IPs cut our block rate from
12.4% to 1.92%. No amount of request-timing
optimisation would have closed that gap.

Second: the monorepo Next.js approach kept the
system simpler than we expected. We eliminated an
entire Express.js API layer. The codebase ended up
about 40% smaller than our initial architecture
sketch.

Third:cronintervals havea direct cost. The68%
flash-sale miss ratein our data isa direct
consequenceof hourly scraping. We knew this going
in but underestimated how much it would frustrate
deal-oriented users.
Fourth:userscareabouttimesavingsfarmorethanabout
analyticsfeatures. Whenweaskedwhattheyvaluedmos
t, 84% mentioned comparison speed. Pattern charts
were cited by only 34%. We built more analytics
than users wanted.

Fifth:effectsizereportingmatters.
AtN=250,almostanyrealdifferencewillbestatistically
significant.Cohen’s d is the number that tells you
whether the difference is worth acting on. We
would recommend it as a standard for similar
studies.

VII. LIMITATIONSANDTHREATSTO
VALIDITY
A. Internal Validity
Our performance benchmarks ran on a single
infrastructure setup — Vercel production, Chrome
120, 100 Mbps broadband. We do not know how

the latency figures change on 4G mobile or on low-
memory devices, which are the primary access
points for most Indian online shoppers. This is
probably the most significant gap in our evaluation
design.

For theuser study, pre-Saleor
tasktimesweremeasuredliveduringatimedbaselineses
sion, notfromrecall.Even so, participants knew they
were being timed both times, which may have
introduced consistent performance pressureacross
both conditions. We do not think this invalidates
thecomparison, but wethink it is a fair design.

B. External Validity
Our250participantsskewedtowardstechnicallyliterat
edemographics:42%students,38%workingprofession
als. The results may not transfer cleanly to older
buyers or first-time online shoppers. We also
evaluated on Amazon India only. Flipkart, Myntra,
and Snapdeal each have their own anti-bot strategies
and pricing structures; our scraping and inflation-
detection numbers could look quite different on
those platforms.

C. Construct Validity

Weoperationalisedfake-
discountdetectionas:cantheparticipantlookatapricehi
storychartandcorrectly identify
thattheproductwasinflatedbeforethecurrentsale?This
captureswhatwecareabout,butitisalabtask,notareal
purchase decision. Whether users would apply the
same critical thinking when actually shopping —
under time pressure, withpersuasiveproduct pages
— is somethinga longer, more naturalistic study
would needto establish.

On effect sizes: we computed Cohen’s d using
pooled standard deviations. For right-skewed
variables like comparison time, this can overstate
effect magnitude. Weran a sensitivity analysis using
rank-biserial correlation and got consistent direction
and magnitude, so we are reasonably confident the
effects are real. But we would be cautious about
treating d = 2.47 as a precise number.

D. Technical Limitations
Flashsalesshorterthan60
minutesarelargelyinvisibletous.Ourdataconfirmsthat
68%offlashsaleevents were
missedbythehourlycron. Thisisastructurallimitationof
theapproach,notsomethingwecanfixwithbettercode.
Bright Data
residentialproxycostsscalelinearlywithscrapingvolu
me. At current rates, trackingmorethanabout 10,000
products on the free infrastructure tier becomes
economically unviable. This constrains the system’s
scalability unless we find a cheaper or more
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efficient proxy strategy.

Amazon’s HTML structure changes require manual
connector updates — roughly once a month based
on our experience. This is operational overhead that
we have not fully accounted for in the system’s total
cost of maintenance.

VIII. FUTURESCOPE
We have grouped planned work into three horizons
based on what is technically ready to build now
versus what needs more research first.
A. Next Six Months
. Multi-
platformscrapersforFlipkart,Myntra,andAjio.Eachre
quiresaplatform-specificCheerioconnector

—roughly20development ~ hoursper  platform.
Thisisthehighest-
priorityextensionbecause64%ofusers requested

cross-platform comparison.

. A tiered cron scheduler that refreshes daily-
deal products every 15-20 minutes instead of
hourly. This wouldcut our flash-salemiss
ratefrom68%toanestimated22%based
onthedistributionofflash-sale durations in our Table
VII data.

. AChrome extensionthat showsa
pricehistorybadgedirectlyonAmazonproduct pages.
Thisisthefeature that CamelCamelCamel and Keepa
offer and that we currently lack.

B. Sixto Twelve Months

. LSTM-based priceprediction. Semwal et al.
[15] got 78% accuracy on 7-day priceforecasts
fromsimilar historicaldata. Wenow
havethetrainingdata toattempt this. Theoutput
wouldbea predictedpricecurve overlaid on the
existing history chart.

. AnomalydetectionusinglsolationForest
toautomaticallyflagpre-inflationevents without
requiringusers  tovisuallyinterpret  thechart.This

would makethefake-discount
identificationautomaticrather thanuser- initiated.

. AReactNativemobileapp
withpushnotifications andbarcodescanningforin-
storepricecomparison.

C. Longer Term

. Blockchainpriceattestation:storingSHA-256

hashes ofdailypricesnapshots
onPolygontogiveconsumer protection agencies a
tamper-proof audit trail. The 21% inflation finding
suggests there is a regulatory use case here.

. AB2Banalyticslayer
sellinganonymisedpricingintelligencetobrandsmonit
oringtheir ownMAP compliance and to researchers
studying platform pricing dynamics.

. Alarger-scalestudy withN>500across

multiplecities andagegroups, witha 12-
monthfollow-up to measure whether the behaviour
changes we observed in our 60-day window persist.

IX. CONCLUSION

We set out to answer a simple question:
can a small team, without proprietary data or a
dedicated infrastructure budget, build a price
tracking system that measurably improves
purchasing decisions for Indian online shoppers?
Basedonsixmonthsofdevelopmentand90daysofevalu
ation,theanswer isyes—withsomeimportantcaveats.

Thenumbersheldupwhereitmattered.
Scrapingaccuracyhit93.70%atal.92%blockrate. Tim
eper comparison fell by 89.1% (d = 2.14). Purchase
confidence rose by 44.8% (d = 1.82). And the
finding we are most proud of: 74% of users with
access to price history correctly identified artificial
discount inflation, compared to just 9%
withoutit(d=2.47).Allofthesedifferencesweresignific
antatp<0.001andrepresentlargeeffectsbyanystandard
measure.
Thecaveatsarereal .Flashsalesshorterthananhourarela
rgelyinvisibletous. WeonlycoverAmazonIndia.Proxy
costs constrainscale. Andwehavenot yet shownthat
thebehaviour  changes  wemeasuredina  lab
studypersist in actual shoppingdecisions over
months. Theseareopen questions, not failures — but
theyarethe workstill left to do.
ThefivecontributionswecommittedtoinSectionlwere
alldelivered:
11. Aworkingfull-stackscraper ona zero-
costserverlessstack,
achieving93.70%accuracyat1.92%block rate across
30,480 attempts.
12. Aproxyrandomisationstrategythatcutblockin
gfrom12.4%(datacenter)to1.92%(residential),
empirically validated over 30 days.
13. A60-daylongitudinaluser
study(N=250)yieldinglarge-effect-
sizeimprovementsonallmeasured dimensions,
significant at p < 0.001.
14. Thefirst quantitativemeasurement
ofartificialpricepre-inflationintheIndianAmazon
market:21%o0f sale events, with an average markup
of 11.6% in the 7-14 days prior.
15. Anopen,documentedcodebaseavailableathttp
s://github.com/adrianhajdin/pricewiseforresearchers
who want to extend, replicate, or critique this work.
Thebroader point isabout what isnowpossible. Afew
yearsago, buildinga systemlikeSaleor requireda
team, a server budget, and significant DevOps
overhead. Today, the same result runs for free on
Vercel with a serverless database. The technical
barriers to consumer price intelligence have fallen
dramatically. The open question is not whether this
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kind of system is buildable — it clearly is. The
question is whether it reaches the users who need it

most.
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