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Abstract
Objectives: This study designs, implements, and evaluates an e-commerce

chatbot that links user-intent classification with product search, recommendation,

and store functions. It measures DistiIBERT against a conventional baseline and

documents BERT-Tiny separately as a lightweight auxiliary model. Study
Location: The work was completed as a master’s project in the College of
Informatics at Midocean University. Application testing was conducted locally,
while DistilBERT training used Google Colab with an NVIDIA Tesla T4 GPU.

Methodology: An applicd experimental design was used. Cleaning reduced

14,500 intent utterances to 11,586 examples across 20 cl , followed by a

stratified training, validation, and test split. DisiIBERT and a TF-IDF logistic-
regression baseline were evaluated on the same split. The full-stack prototype
used React, FastAPI, SQLite, and TF-IDF retrieval with rating- and popularity-
based reranking. Verification included 12 executed chatbot scenarios and 15
automated software assertions. Results: DistiIBERT achieved 0.9563 accuracy
and 0.9564 weighted F1, compared with 0.8993 accuracy and 0.8978 weighted F1
for the controlled baseline. BERT-Tiny achieved 0.8548 accuracy in a separate
pipeline and was not treated as a controlled comparison. Raw intent matched the
final application route in 10 of 12 scenarios for each model, while the hybrid
system completed the expected functions. Recommendations: Future work
should document dataset provenance, repeat training with multiple seeds, collect
real conversations, improve price completeness, obtain human relevance
judgments, and conduct security, load, and recovery testing before production

deployment.

Keywords: e-commer atbot, intent classification, DistiIBERT, content-based

recommendation, conversational commerce.
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1. Introduction

Convers

tional interfaces are increasingly used to reduce the effort required to search, compare,
and purchase products online. A conventional catalog requires users to translate an information

need into category navigation, filters, and repeated queries. A conversational interface can instead

accept a natural-language request such as “recommend waterproof mascara under 20 dollars,” infer
the requested action, extract product constraints, and return a structured response. The practical

istant must identify the

value of such a system depends on more than generating fluent text: the

us intent, connect the intent to reliable application functions, retrieve suitable items, and

preserve a transparent boundary between real functionality and simulated store polici

Intent classification is therefore a central component of task-oriented chatbots. Transformer
architectures introduced contextual representations that can model an utterance as a sequence rather
than as an unordered collection of terms (Vaswani et al., 2017). BERT extended this idea through

ification

bidirectional pre-training and demonstrated the effectiveness of fine-tuning for cla

(Devlin et al., 2019). DistilBERT reduced the size and inference cost of BERT while retaining

much of its language-understanding capability, making it relevant to applications that require a
balance between accuracy and deployment efficiency (Sanh et al., 2019). Nevertheless, a high test
score alone does not establish that a chatbot is useful. The classifier must be integrated with routing
logic, product retrieval, database operations, and user-interface feedback.

Conversational recommendation introduces an additional challenge. Surveys of conversational
recommender  systems emphasize that dialogue understanding, preference elicitation,
recommendation strategy, and evaluation are interdependent rather than isolated tasks (Gao et al.,
2021; Jannach et al., 2021). The present project addresses a bounded version of this problem. It uses

an intent clas

ier to determine the required shopping function and a content-based retrieval
component to rank products from a local catalog. The implementation includes a React/Vite
frontend, a FastAPI backend, a SQLite database, two deployable BERT-family classifiers,
deterministic routing safeguards, and product recommendation based on TF-IDF similarity with
metadata reranking.

The study contributes an end-to-end, reproducible prototype and evaluates it at three levels. First,

it reports a controlled comparison between TF-IDF log

cleaned intent dataset and the same held-out test split. Second, it reports BERT-Tiny separately
because that model was trained through an auxiliary pipeline with different cleaning and sampling
decisions. Third, it verifies the behavior of the running application through API checks and

executed chat scenarios. This

eparation is important because model evaluation, recommendation

diagnos

s, and software functional testing answer different questions and must not be combined

into a single accuracy claim.
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The paper is organized to preserve the distinction between evidence sources. The rescarch

problem and questions establish what can be claimed; the theoretical and empirical literature

explains the selected methods; the methodology documents data, training, architecture, and

evaluation; the results report the controlled classifier experiment and the separate system t and

the discussion interprets the findings without treating functional routing success as additional

classifier accuracy.

2. Research Problem and Questions

ifiers without a

Many e-commerce chatbot prototypes are evaluated either as text cla

functioning store or as interface demonstrations without verifiable language-understanding results.

Thi

separation creates a methodological gap. A classifier may achieve high offline accuracy but

fail to trigger the correct business function when faced with misspellings, price expressions, follow-
up requests, or out-of-domain messages. Conversely, a visually complete interface may rely
primarily on hard-coded keywords while presenting model confidence as if it were the sole source

of the de

on. The research problem is therefore how to design and evaluate a transparent system

in which a learned intent model, deterministic safety rules, product retrieval, and application

rvices cooperate without confusing their respective contributions.

The proj

t also contains two trained transformer models produced by different experimental

pipelines. Directly ranking them as if they were trained on identical data would be scientifically
misleading. The primary DistilBERT experiment cleaned the raw corpus by removing noisy and
duplicate samples and used 11,586 utterances with a 70/15/15 split. The auxiliary BERT-Tiny
pipeline retained sanitized samples, produced 12,851 records, and capped training examples per
intent. The study must therefore identify which results are directly comparable and which are

descriptive only. A second problem concerns recommendation evaluation: the

talog has product
text and metadata but no ground-truth user-item interactions, so retrieval proxy metrics cannot be

interpreted as user preference accuracy.

iIBERT class

The study addresses the following questions: RQ1: How accurately does Dis fy the
20 e-commerce intents compared with a TF-IDF logistic-regression baseline on the same data split?

RQ2: Which intent class

es remain most difficult, and what do the confusion matrix and per-class
metrics indicate? RQ3: How does the deployed chatbot translate model predictions into search,
recommendation, policy, cart, order, and support behavior? RQ4: What do executed functional chat
scenarios reveal about raw model predictions, deterministic routing refinement, response behavior,
and latency? RQ5: What limitations prevent the current recommendation and chatbot evaluation

from being interpreted as production-level effectiveness?
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3. Importance of the Study

Scientifically, the study demonstrates why experimental boundaries matter in applied artificial-

intelligence research. It distinguishes a controlled model comparison from an auxiliary experiment,

parates  offline  cl fication metrics from functional scenario completion, and labels
recommendation measures as retrieval proxies rather than preference accuracy. These distinctions

reduce the risk of overs

ing results and make the findings reproducible from the artifacts
contained in the project archive. The study also provides class-level evidence instead of relying
only on overall accuracy, which is particularly relevant because the intent distribution is not
perfectly balanced and some categories are semantically close.

Practically, the study provides a complete local prototype that can be executed without relying

on a paid external language-model APL The architecture connects natural-language requests to real

product records, store policies, simulated cart and order operations, and visible product cards. This
makes the system useful as a reference implementation for academic projects and small-scale
experiments in conversational commerce. The local design also supports inspection of the model
files, code, database, and test results, allowing reviewers to verify what the system actually
performs.

The work is also important from a user-experience perspective. A customer request may
combine an action, a product type, and a constraint in one sentence. Correctly handling such a
request reduces interaction steps and can make product discovery more accessible. At the same
time, the results show that robust behavior cannot be attributed to the classifier alone. Typo

normalization and deterministic refinement were nec

sary in selected cases, demonstrating that
dependable applied systems often require an auditable hybrid of statistical prediction and explicit

business logic.

4. Study Objectives

The main objective is to design, implement, and evaluate an intelligent e-commerce chatbot that

integrates intent cl;

ification with product retrieval and recommendation. The specific objectives

are:

e to prepare and document a primary e-commerce intent dataset and its preproci

procedure;

e to fine-tune DistilBERT and compare it with a TF-IDF logistic-regression baseline on the
same stratified split;

e to report the BERT-Tiny result as a separate lightweight auxiliary experiment without
implying a controlled comparison;

o analyze overall and per-class performance using accuracy, precision, recall, Fl-score,

loss curves, and confusion matrices;
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e to implement a full-stack application that maps predicted intents to product,
recommendation, policy, cart, order, and support functions;
e to evaluate the running chatbot through API verification and a diverse set of executed user

m

ages; and
® to identify data, recommendation, evaluation, and deployment limitations that should guide
future development.

5. Study Boundaries and Conceptual/Operational Terms

5.1.  Study Boundaries

The thematic boundary is task-oriented convers

tional commerce: product discovery,
recommendation, comparison, cart and order guidance, delivery, payment, account support,
feedback, and out-of-scope detection. The study does not evaluate open-domain conversation or
generative answers.

The linguistic boundary is English-language intent class

ification. Arabic appears only in the
journal-required title, abstract, and keywords; the deployed classifier was not trained or
evaluated on Arabic or code-mixed requests.

The data boundary comprises the intent files, trained models, 8,000-product SQLite catalog,
notebooks, metrics, screenshots, and test reports contained in the supplied project archive. The
original provenance and annotation protocol of the intent corpus were not documented in the
archive, and this is treated as a limitation rather than inferred.

The experimental boundary is a fixed-seed comparison between TF-IDF logistic regression
and DistiIBERT on one stratified split. BERT-Tiny is reported from a different cleaning and
sampling pipeline and therefore is descriptive, not a controlled architectural comparison.

The software boundary is a research prototype executed in a local environment. Functional
tests establish that endpoints and selected scenarios worked at test time; they do not certify
production security, scalability, privacy, accessibility, transaction integrity, or long-term

reliability.

5.2.  Conceptual and Operational Terms

Intent classification: the

ssignment of a user utterance to one of the 20 supported e-commerce
intent labels.

Raw intent: the label produced directly by the selected trained class

ifier before application rules
are applied.
Final route: the application action selected after normalization and deterministic routing

safeguards; it may equal or override the raw intent.
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Functional completion: the return of the expected response type for a selected scenario after the

full hybrid pipeline; it is not a statistical estimate of classifier accur:

Content-based recommendation: ranking products according to similarity between the query

and product text, followed by metadata-based reranking.

Recommendation proxy metric: a diagnostic such as mean similarity or returned-item coverage

used when ground-truth relevance and user-item interactions are unavailable.

Classifier confidence: the maximum predicted cl

ss probability reported by the model; it is not

automatically a calibrated probability of correctness.
6. Theoretical Framework

The Transformer architecture replaced recurrent processing with self-attention, allowing cach
token to weight other tokens in the sequence and enabling parallel training (Vaswani et al., 2017).
BERT applies bidirectional Transformer encoding and is pre-trained through masked-language

modeling and sentence-level objectives before task-specific fine-tuning (Devlin et al., 2019). In

intent cl: ation, a classification head is trained over the contextual representation of an

utterance. The benefit over bag-of-words methods is that word meaning can depend on surrounding
terms and ordering; however, performance still depends on label quality, domain coverage, and
similarity among intent definitions.

DistilBERT is a comp

ed BERT-family model produced through knowledge distillation. The

original study reported a 40% size reduction and faster inference while retaining most of BERT’s

language-understanding performance (Sanh et al., 2019). Thes

properties make DisiIBERT a
ed

reasonable

ndidate for a research prototype that runs inference on a local CPU after GPU-|

training. BERT-Tiny represents a more aggressive reduction in model capacity. In the current

project it serves as an optional low-resource model, but its experimental result cannot isolate

architecture effects because its preprocessing, sample size, and optimization settings differ from the
primary pipeline.
A traditional TF-IDF model represents documents using term importance based on within-

document frequency and corpus-level rarity. Combined with logistic regression, it provides an

interpretable and computationally inexpensive baseline. Such a baseline is important becaus

a
transformer should be justified by measurable gains on the same test data rather than by model
novelty alone. In this study, the controlled baseline uses unigram and bigram TF-IDF features,
class-balanced logistic regression, and the exact primary train/test split used for DistilBERT.

Intent classification is operationally defined as assigning one of 20 predefined labels to a user
utterance. The final route is the application action selected after optional deterministic refinement.
These are not always identical: the raw intent is the model prediction, whereas the final route

reflects the hybrid system decision. Functional case completion means that the application returned
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the expected type of behavior for a selected test prompt; it is not an estimate of model accuracy over
an independently sampled population.

The recommendation component is content-based because the project archive does not contain

real user-item interaction histories. Content-ba

ed methods rank items by similarity between query
terms and product descriptions and can incorporate item metadata such as rating and popularity
(Adomavicius & Tuzhilin, 2005). The Amazon Reviews 2023 resource provides review and item
metadata at large scale and is the documented source family for the product catalog used by the
project (Hou et al., 2024). In the implemented system, TF-IDF similarity identifies lexical
relevance, while rating, review count, and a stored recommendation score contribute to reranking.
This design is reproducible but cannot learn personalized preferences without user behavior data.

For this study, chatbot implementation means the complete path from a user message to a visible

application result. The path includes normalization, classifier inference, deterministic refinement,

business-function routing, database or recommendation access, response construction, and frontend

rendering. Reliability is sed through held-out model evaluation and deterministic functional
tests. Production reliability would additionally require user studies, repeated performance trials,
load testing, security assessment, monitoring, and evaluation on data collected after deployment;
these are outside the current study boundaries.

Out-of-scope detection is particularly important in a commerce assistant because a closed intent
inventory cannot safely absorb every request. Larson et al. (2019) demonstrated that classifiers that
perform well on in-scope categories can still struggle with unsupported inputs. For the present
system, out-of-scope is therefore both a learned label and an application boundary: it prevents the
chatbot from implying competence beyond shopping, order, delivery, payment, and support
functions.

Dialogue-system evaluation literature also cautions against relying on a single automatic score.

Deriu et al. (2021) distinguish component-level measurements from end-to-end and human

evaluation. This distinction motivates the study’s three-layer protocol: offline intent classification,
recommendation diagnostics, and executed software scenarios. Each layer is reported separately

because it measures a different object.

7. Review of Previous Studies and Research Gap

Sharma (2020) studied intent classification in an English e-commerce voice assistant and showed
that inter-utterance context can improve the interpretation of follow-up requests. The study is
directly relevant because shopping conversations often contain incomplete second turns such as a
filter request that depends on a previous product search. The current prototype preserves limited

structured context, including recent product identifiers and selected items, but its classifier itself is
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single-utterance. This difference identifies a clear extension: future versions should evaluate

contextual intent models rather than relying mainly on routing state.

fication and

. Their

Kulkarni et al. (2023) addressed label-efficient conversational intent c

emph:

zed challenges arising from grammatical errors and mixed-language user queri

findings support the need to test more than clean held-out utterances. The present project includes

typo normalization and executed misspelled prompts, but its training and formal test corpus are
English-only. Unlike semi-supervised approaches, it does not exploit unlabeled interaction logs.
Thus, the current work contributes implementation evidence while leaving label efficiency and

multilingual robustness unresolved.

Gao et al. (2021) organized conversational recommender-system challenges around preference
elicitation, multi-turn strategy, dialogue understanding, exploration, and evaluation. Jannach et al.
(2021) likewise showed that conversational recommendation combines recommendation, dialogue
management, and interaction design. These surveys highlight a limitation of evaluating
recommendation only through similarity. The implemented prototype can respond conversationally
and return ranked products, but it does not learn long-term preferences or optimize dialogue
strategy from interaction outcomes. Its metrics must therefore be described as retrieval diagnostics.

Hou et al. (2024) introduced Amazon Reviews 2023 and language-item representations for
retrieval and recommendation. That work illustrates the scale and richness possible when product
metadata and review language are linked. The present project uses a small, beauty-focused subset of

item metadata and a classical TF-IDF ranker rather than a learned semantic retriever. This makes

local execution simpler, but the catalog’s missing prices and lexical ambiguities limit the quality of
price filtering and product-type matching.

The research gap addressed here is not a new transformer architecture. It is the rigorous
integration and evaluation of a bounded e-commerce chatbot artifact. Existing studies often

optimize either intent models or conversational recommendation methods. The present study

connects an empirically evaluated classifier to a functioning application, reports the contribution of
deterministic routing, and explicitly separates controlled classification evidence, auxiliary model

results, recommendation proxies, and software verification. This framing provides a clearer account

of what the implemented system has and has not demonstrated.

Larson et al. (2019) provided a large intent dataset that explicitly included out-of-scope queries
and showed that rejecting unsupported requests is harder than classifying supported intents. That
result is relevant to the present out_of_scope category and to the observation that it was the lowest-

F1 cla

in the DistiIBERT test report. However, the current study differs by connecting the

classifier to product, order, and policy actions in a working store prototype.

Deriu et al. (2021) surveyed dialogue-system evaluation and emphasized that automatic metri

. Similarly, Jannach et al. (2021) and Gao et al.

do not fully capture user experience or task sucs
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(2021) noted that conversational recommendation should be evaluated acr

s dialogue quality,

recommendation uscfulness, and interaction outcomes. These findings justify the paper’s refusal to

interpret retrieval proxies or selected s

cenario completion as user satisfaction.
The resulting research gap is an auditable, end-to-end e-commerce prototype in which model

accuracy, rule-based routing, product retrieval, and appli

tion verification are reported with clear
experimental boundaries. The contribution is not a new Transformer architecture. It is a transparent

side a

implementation and evaluation framework showing how a trained intent model operates i

full application and where the evidence remains insufficient for production claims.

8. Methodology

The study used an applied experimental software-engineering design. The unit of analysis for

intent classification was an English user utterance paired with one of 20 intent labels. The product-
analysis unit was a catalog record. The software-evaluation unit was an API assertion or a selected
chatbot scenario. The project archive, trained model folders, notebooks, SQLite database,
application source code, exported metrics, and executed screenshots were treated as the primary

research artifacts.

8.1.  Primary Intent Dataset and Preprocessing

The supplied notebook identified two columns, text and label, and 20 raw labels. Cleaning
normalized whitespace, removed empty records, retained utterances between 3 and 300
characters, removed rows matching a documented profanity/noise pattern, removed duplicate
text-label pairs, and retained labels with at least 20 samples. The process reduced the corpus
from 14,500 to 11,586 records, removing 2,914 rows. The cleaned data were encoded and
stratified with a fixed random seed of 42 into 8,110 training samples, 1,738 validation samples,
and 1,738 test samples. The project archive does not include a formal data card documenting the
original collection or annotation protocol of the intent corpus; consequently, the study reports the
corpus as a project-specific labeled dataset and treats provenance as a limitation.

Table 1 Verifiable data resou

s and analytical roles

Resource Size Role in the study Qualification
Primary intent 14,500 raw: Controlled baseline and DistilBERT | Original source and annotation process are
corpus 11586 cleaned | experiment not documented in the archive

12851 cleaned:

Auxiliary intent Different cleaning, sampling, and split;
3,939 capped BERT-Tiny deployment experiment

pipeline descriptive only
training cases

8,000 product Search, filtering, and content-based
Product catalog 5,466 records have no usable price
records recommendation
Raw prediction, final routing, Purposefully selected cases; not a random
Functional chat set
with two models | response, and latency inspection accuracy sample

12
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Resource Size Role in the study Qualification
Automated 15 acertons Endpoint and business-scenario Does not cover security, load. usability. or
application suite verification recovery
Table 2 Primary intent-data cleaning and stratified split
Stage Rows Description
Raw intent data 14,500 20 intent labels
Cleaned data 11.586 79.9% retained: 2.914 records removed
Training set 8.110 70.0% of cleaned data
Validation set 1738 15.0% of cleaned data
Test set 1738 15.0% of cleaned data

8.2.  Auxiliary BERT-Tiny Pipeline

A second notebook produced the deployable BERT-Tiny model. Its cleaning process sanitized

noisy expressions rather than removing all matching records and produced 12,851 rows, split into
8,995 training, 1,928 validation, and 1,928 test records. Training was capped at 200 examples per
intent, yielding 3,939 actual training examples. The model used prajjwall/bert-tiny, a maximum

sequence length of 64, batch size 16, ten epochs, and a leaming rate of 5 x 10-4. Because this

pipeline differs from the primary DistiIBERT experiment, BERT-Tiny is reported as an auxiliary

deployment result and excluded from the controlled performance conclusion.

8.3.  Model Training and Controlled Baseline

The controlled baseline used TF-IDF with unigram and bigram features, a maximum of 50,000

features, minimum document frequency of two, and class-balanced logistic regression. DistilBERT
used distilbert-base-uncased, a maximum sequence length of 96, batch size 16 for training and 32
for evaluation, four epochs, learning rate 2 x 10-5, weight decay 0.01, mixed-precision training,
and selection of the best checkpoint by weighted F1. Training was performed on a Tesla T4 GPU.
Both the baseline and DisiIBERT used the same primary train, validation, and test partitions. The
implementation used scikit-learn for the classical pipeline (Pedregosa et al., 2011) and the

Transformers library for neural-model training and inference (Wolf et al., 2020).

Table 3 Model configurations and comparison status

Approach Main configuration Training/Test Interpretation
TF-IDF + logistic 1-2 grams; max 50,000 features; class-balanced;
8,110/1,738 Controlled baseline
regression seed 42

distilbert-base-uncased: max length 96; 4 epochs:
DistilBERT 8,110/1,738 Controlled primary model
batch 16; LR 2x10°*

prajiwall /bert-tiny; max length 64; 10 epochs;
BERT-Tiny bateh 16, LR 5410 3939/1928 Separate auxiliary pipeline
atch 16; LR 5x10
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8.4. Product Catalog and Recommendation Method

The SQLite catalog contains 8,000 products: 7,905 in All Beauty and 95 in Premium Beauty.
Mean rating is 4.19, median rating is 4.30, and ratings range from 1.9 to 5.0. Prices are available
for 2,534 records and missing for 5,466 records (68.3%). Among known prices, the mean is
$22.44 and the median is $15.99. The recommendation service constructs a TF-IDF matrix from
product text with a maximum of 8,000 features. Candidate filtering uses extracted product terms;
cosine similarity and title matches represent textual relevance; rating, review count, price

handling, and a stored recommendation score contribute to reranking. Price-filtered requests

exclude missing or non-positive pric

8.5.  System Architecture and Chatbot Procedure

The frontend sends a me:

ge, selected model key, and compact conversation context to the
FastAPI chat endpoint. The backend normalizes common misspellings, obtains the model’s raw
intent and confidence, and applies documented deterministic rules for explicit commerce
expressions such as shipping, payment, checkout, or a numeric budget. The final route selects a
product retrieval function, recommendation function, comparison function, product-detail
lookup, cart or order behavior, or a predefined policy response. The JSON response includes raw
and final intent information, product cards, response text, action metadata, and updated context.

DistilBERT is the default model; BERT-Tiny can be selected for low-resource comparison.

Rating Foputariy Reranking

P product <aras, acko

Figure 1 Implemented architecture and message-processing flow.
8.6.  Evaluation Measures and Verification Protocol
Classification was evaluated using accuracy, weighted precision, weighted recall, weighted
F1, macro precision, macro recall, macro FI, test loss, per-class reports, and confusion matrices.
Weighted measures account for class support, while macro measures give equal importance to

each intent. The controlled conclusion is based only on TF-IDF and DistilBERT because they
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share the same split. Recommendation evaluation used coverage@5, mean similarity @S5, and
mean reranked score@S5 over six queries. These are proxy diagnostics because no ground-truth
user relevance judgments or interaction labels exist. Application verification used the project’s
15 automated API assertions and 12 executed chat prompts per model. For cach prompt, the test

recorded raw intent, final route, confidence, returned products, response type, and latency.
9. Results

9.1.  Dataset and Training Behavior

The primary cleaning procedure retained 79.9% of the raw intent corpus. Product
recommendation and out-of-scope were the largest classes, whereas product_search and
product_details were the smallest. Stratification preserved class representation across the

imbalance was moderate rather than extreme,

training, validation, and test partitions. The cla
but the support difference is sufficient to justify reporting both weighted and macro FI.
DistilBERT’s training loss decreased throughout optimization, while validation loss declined
from 0.515 after the first epoch to 0.183 after the fourth. Validation accuracy increased from
0.908 to 0.958 and macro F1 from 0.912 to 0.960. The simultaneous improvement of validation
metrics and reduction in validation loss did not indicate late-epoch divergence during the four-

epoch run,

() Inent.loss distibution () Taining loss

~tereal,

(@ Valdaton oss (@) Vldation metics

N\ -

e

Figure 2 Primary intent-data distribution and DistilBERT learing behavior.

9.2.  Controlled Intent-Classification Performance
On the 1,738-sample primary test set, the TF-IDF logistic-regression baseline achieved
0.8993 accuracy, 0.8978 weighted F1, and 0.9021 macro F1. DistilBERT achieved 0.9563
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accuracy, 0.9564 weighted F1, and 0.9595 macro F1. The absolute weighted-F1 improvement
was 0.0585. Because both models used the same held-out examples, the comparison supports the
conclusion that contextual transformer representations improved intent classification for this
corpus. The study reports one fixed-seed run; therefore, the difference is descriptive and is not

accompanied by confidence intervals or a repeated-run significance test.

Table 4 Controlled performance on the same 1,738-item test set

Weighted

Model Accuracy - Weighted recall | Weighted F1 |  Macro F1

precision
TF-IDF + logistic
0.8993 0.8992 0.8993 0.8978 0.9021

regression
DistilBERT 0.9563 09572 0.9563 0.9564 0.9595
Absolute difference +0.0570 +0.0580 +0.0570 +0.0585 +0.0573

(a) Controlled baseline comparison

Baseline vs DBERT Peformance Comparison

e e e ™

(b) DiStIBERT per-class F1-score

Pl . scor forOHBERT e Csser

Figure 3 Controlled model comparison and class-level Fl-scores.
9.3.  Per-Class Performance and Confusion Analysis
DistilBERT obtained an F1-score of 1.00 for compare_products, price_filter, product_details,
product_recommendation, and product_search. The lowest Fl-scores were out_of_scope (0.892),

place_order (0.912), issue_support (0.913), order_tracking (0.918), and account_management
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(0.928). These lower values occur in categories whose vocabulary can overlap with broader

support, payment, order-management, or product-inquiry language. The normalized confusion

matrix shows that most observations lie on the diagonal, but the remaining errors

concentrated among semantically related actions rather than being uniformly distributed.

ot ot

.
< x:,

Vs
Figure 4 Normalized DistiIBERT confusion matrix on the primary test set.
Table 5 Selected class-level DistilBERT results
Intent Precision Recall F1 Interpretation
Lowest FI; unsupported requests remain
out_of_scope 0919 0867 0.892
difficult
High recall with lower precision; overlaps
place_order 03851 0981 0912
service/payment language
Confusion with general support-related
issue_support 0898 0929 0913
intents
Overlap with order management and service
order_tracking 0933 0903 0918
requests
Some ambiguity among account and support
account_management | 0.944 0913 0928
requests
price_filter 1.000 1.000 1.000 Highly distinctive price expressions
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Intent Precision Recall F1 Interpretation

product_
1.000 1000 1000 Distinctive recommendation phrasing
recommendation

compare_products 1.000 1.000 1.000 Explicit comparison vocabulary

9.4. Auxiliary BERT-Tiny Result

The auxiliary BERT-Tiny model achieved 0.8548 accuracy, 0.8578 weighted precision,
0.8548 weighted recall, 0.8466 weighted F1, and 0.8563 macro F1 on its separate 1,928-sample
test split. Training accuracy improved early, while validation performance peaked before the
final epochs and validation loss later increased, indicating that the selected ten-epoch
configuration did not provide the same generalization as the primary DistiIBERT run. The result
demonstrates that the model is deployable and fast, not that its architecture is inherently inferior
under controlled conditions. A fair architecture comparison would require identical cleaning,

splits, sampling, optimization search, and repeated runs.

Table 6 Auxiliary BERT-Tiny performance from the separate pipeline

Metric Value Qualification
Test loss 07399 Separate 1,928-item test split
Accuracy 0.8548 Not directly comparable with the primary experiment
Weighted precision | 0.8578 Training was capped at 200 cases per intent
Weighted recall 0.8548 Different cleaning and split
Weighted F1 0.8466 Reported as auxiliary deployment evidence
Macro FI 0.8563 Twenty intent labels

9.5. Recommendation Diagnostics

Across six demonstration queries with k = 5, the system returned five products for every

query, giving coverage@S of 1.0 under the project’s operational definition. Mcan TF-IDF

similarity@5 was 0.4934 and mean reranked score@5 was 0.6591. The highest mean similarity
was observed for mascara (0.5840), followed by eyeliner (0.5506) and perfume (0.5432); lipstick
and skin care produced lower lexical similarity. These results confirm that the service produces
ranked outputs, but they do not establish user satisfaction or precision against relevance labels.
Inspection of executed responses also revealed lexical errors, such as non-eyeliner brush
products appearing in an eyeliner comparison and duplicate or weakly related titles. Missing

price metadata further restricts the candidate pool for budget requests.
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(2) Catalog ating and known-price disrbutions 6)Recommendation retrieva disgnostics

Figure 5 Catalog distributions and recommendation retrieval diagnostics.

Table 7 Recommendation diagnostics for six demonstration queries (k = 5)

Query Items returned Mean similarity @5 Mean reranked score@5
eyeliner 5 05506 0.6516
lipstick 5 03768 0.5900
makeup brush 5 05343 0.6748
mascara 5 05840 0.6217
perfume 5 05432 0.6704
skin care 5 03713 0.7461
Overall 30 04934 0.6591

9.4 Executed Chatbot Scenarios

Both deployed models completed the expected application behavior in all 12 selected
scenarios after the full hybrid routing process. For each model, the raw classifier intent matched
the final application route in 10 of 12 cases (83.3%). The two changed cases were the misspelled

budget request and the checkout request. DistilIBERT predicted remove_from_cart for the typo-

heavy mascara message before the explicit budget rule selected price_filter; it predicted
billing_and_payment for “I want to checkout™ before the checkout rule selected place_order.
BERT-Tiny showed different raw errors for the same two cases. These observations demonstrate

the practical value of deterministic routing, but they also show that scenario completion should

not be attributed exclusively to the learned ier.

DistilBERT’s mean confidence across the selected scenarios was 92.0%, compared with
82.0% for BERT-Tiny. Median recorded latency was 0.066 seconds for DistilBERT and 0.011
seconds for BERT-Tiny in the local test sequence. The latency figures include the project’s
runtime environment and model cache state; they are not hardware-independent benchmarks.
Product-returning scenarios generated 26 product cards per model across the set. Policy and

support scenarios returned explanatory text without product cards, which is consistent with the

intended route design.
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Table 8 DistilBERT outputs for 12 executed chatbot scenarios

D User request Raw intent — final route | Confidence Observed output

‘Waterproof mascara under $20. | price_filter 98.6% 6 product cards

Niacinamide serum for dry

cror | o product_search 472% 6 product cards
CT-03 | Compare two eyeliners compare_products 98.8% 2 product cards

CT-04 | Shipping cost shipping_cost 99.2% Policy/support response
CT-05 | Track ORD-123456 order_tracking 99.1% Policy/support response
CT-06 | Damaged product support issue_support 99.1% Policy/support response
CT-07 | Visa payment billing_and_payment 94.4% Policy/support response
CT-08 | Football joke out_of_scope 99.5% Policy/support response
CT-09 | Misspelled mascara under S15 | remove_from_cart — price_filter 80.5% 6 product cards

CT-10 | Oral-B toothbrushes product_inquiry 90.7% 6 product cards

billing and_payment —
CT-11 | Checkout request 97.7% Policy/support response
place_order

CT-12 | Password reset account_management 99.2% Policy/support response

(2 Budget recommendation (b) Misspoied budoe request

(6) Out.ot-scope request

Figure 6 Executed chatbot tests for product, typo. policy. and out-of-scope requests.
9.7.  API and Interface Verification
The automated report recorded 15 passed assertions covering service health, model
availability, catalog access, product search, recommendation responses, price-filtered requests,

comparison behavior, shipping and payment policies, tracking, out-of-scope handling, and metric
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endpoints. The runtime database returned 8,000 products, and the interface displayed product

cards and model metadata. Screenshots from the running application document

talog search,

the research dashboard, price-filtered recommendations, a typo-tolerant request, shipping
information, and out-of-scope handling. These tests establish that the principal prototype
functions were executable at the time of evaluation; they do not substitute for security,

concurrency, usability, accessibility, or long-duration reliability testing.

Table 9 Automated application verification summary

Test group Representative checks Result Interpretation
Availability and | Health, model list, catalog and passed Core services and local data were
asse
data category retrieval accessible
Intelligent Search, recommendation, price Expected response structures and product
Passed
functions filtering, comparison cards were returned
Shipping, payment, tracking, support, Expected policy or support routes were
Business scenarios Passed
out-of-scope returned
Functional verification only; not
Total 15 automated assertions 15/15 passed
production certification
(o) Store anding ntrface ) Product.caalon search
8- = L =

A compiet proauctsore

Luma Al Store

(0 Research dashboard
[T L)
e e s
a

Figure 7 Running store, catalog-search, and research-dashboard interfaces.
10.Discussion of Results
The controlled results answer RQl by showing that DistilBERT substantially improved
classification over the TF-IDF logistic-regression baseline on the same held-out test set. The
weighted-F1 gain of 5.85 percentage points indicates that contextual representation added value
beyond unigram and bigram statistics for the project’s 20 intents. This finding is consistent with the
broader success of BERT-family fine-tuning for text classification (Devlin et al., 2019) and with the

motivation for distilled models as a deployment-oriented compromise (Sanh et al., 2019). The
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conclusion is limited to the supplied corpus and a single fixed-seed experiment; external validity

requires new datasets and repeated tria

RQ2 is answered by the class-level analysis

. Perfect or near-perfect scores occurred for intents
with distinctive expressions, including price filtering and explicit product actions. Lower scores

occurred for out-of-scope, place-order, i

sue-support, tracking, and account-management
utterances, where vocabulary overlaps with general service requests. This pattern indicates that the
next improvement should not merely add training epochs. Clearer label definitions, ambiguity
review, hard-negative examples, probability calibration, and contextual turns are more likely to

addre:

s the remaining errors. Sharma’s (2020) contextual e-commerce study supports the relevance
of modeling preceding turns for follow-up commands.

RQ3 concerns the transition from prediction to behavior. The implemented architecture makes
that transition through a hybrid pipeline: the model supplies a probability-based intent, while
explicit normalization and routing rules protect high-value business actions and common noisy
expressions. The approach is transparent because the API records both raw and final intents and the
reason for an override. However, the existence of overrides means the final application behavior
cannot be used as an additional measure of classifier accuracy. The separation of raw prediction and
route is a strength of the implementation and should be preserved in future evaluation.

RQ4 is answered by the executed scenarios and API report. The chatbot returned the expected
response type for product discovery, budget filtering, comparison, policy questions, order tracking,
damaged-item support, payment, account management, and out-of-scope messages. DistilBERT
generally produced higher confidence than BERT-Tiny, while BERT-Tiny was faster in the
recorded local sequence. Because the scenario set was small and intentionally selected, these
observations demonstrate functional coverage rather than statistical reliability. A production claim
would require randomly sampled real conversations, human judgments, error severity analysis, and
stress tests.

RQ5 concerns limits of recommendation evidence. The system’s content-based ranking is
appropriate for a catalog without user histories and is consistent with classical recommender-system
principles (Adomavicius & Tuzhilin, 2005). Nonetheless, conversational recommender research
emphasizes preference elicitation and user-centered evaluation (Gao et al., 2021; Jannach et al.,
2021). The current proxy metrics verify that the engine returns candidates and produces nonzero

similarity, but they cannot demonstrate personalization, novelty, or satisfaction. Catalog sparsity—

especially missing price values—also introduces selection bias in budget queries. Therefore, the

recommendation component should be de:

ribed as a functional content-retrieval prototype rather
than a validated personalized recommender.

The selected chatbot

s also reveal a practical design trade-off. Deterministic overrides

improved task completion for misspelled price requests and checkout language, but they can mask
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classifier errors if only the final route is reported. Recording both values is therefore essential for

auditability. In deployment, the override rate should be monitored a separate metric: an
increasing rate may indicate domain drift, inadequate training data, or rules that have become too
broad.

The observed latency values should be interpreted cautiously. They were collected sequentially

in one local runtime and include different response paths; they are not controlled throughput

benchmarks. DistilBERT s higher mean confidence and slower median latency are consistent with
its larger capacity relative to BERT-Tiny, but hardware-independent conclusions would require

warm-up control, repeated measurements, identical batches, concurrency tests, and confidence

calibration.

11.Conclusion

Overall, the study demonstrates a complete and inspectable research implementation. Its

strongest evidence is the controlled DistilBERT comparison and the traceable integration between

classification and application actions. Its principal weakne:

are undocumented provenance for

the intent corpus, lack of repeated model runs, a small selected functional test set, absence of us

item relevance labels, and no user or production-level evaluation. Acknowledging these limits

provides a more credible basis for subsequent development than combining heterogeneous outputs
into a single performance claim.
The rescarch therefore answers the central problem with a qualified conclusion: a compact

Transformer can provide strong intent clas

ication within a functioning e-commerce application,

but dependable applic s from the combination of clas

ion behavior emerg:

ification, transparent
routing rules, catalog retrieval, database-backed actions, and interface feedback. The primary
evidence supports DistilBERT over the controlled TF-IDF baseline for the supplied dataset. It does
not establish superiority over BERT-Tiny because that model was trained through a different

pipeline, nor does it establish personalized recommendation quality or production readiness.

12.Recommendations and Future Work
Based on the results and limitations, the following recommendations are proposed:
1. Create a formal data card for the intent corpus, documenting source, annotation procedure,
annotator agreement, licensing, and privacy review.

2. Repeat the primary experiment across

multiple random seeds and report mean performance,

standard deviation, confidence intervals, and paired error analy:

3. Train BERT-Tiny and DistIBERT on identical preprocessing, splits, sample sizes, and tuning
budgets before making an architectural comparison.
4. Collect real, consented, anonymized chat interactions and evaluate intent accuracy under

spelling errors, paraphrases, multi-turn references, and code-mixed language.
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Add clarification questions for low-confidence or ambiguous intents rather than relying only on
a single route decision.

Improve catalog normalization, product-type filtering, duplicate detection, and price
completeness; then obtain human relevance judgments for recommendation precision, ranking
quality, diversity, and usefulness,

Evaluate multi-turn preference elicitation and contextual intent classification, following the
research direction identified in conversational commerce literature.

Conduct structured usability, accessibility, security, privacy, load, and recovery testing before
any public or production deployment.

Monitor raw intent, override rate, confidence calibration, retrieval failure, and user correction

events as

separate operational indicators.
Extend the prototype to Arabic and multilingual commerce only after collecting representative

labeled data and evaluating language-specific tokenization and intent definitions.
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