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ABSTRACT

This study examines the application of Explainable Artificial Intelligence (XAI) methodologies in a
quantum-enhanced restaurant recommendation system designed for the evaluation of Telugu reviews. Our
new framework uses the Natural Language Toolkit (NLTK) to process Telugu language, the Term
Frequency-Inverse Document Frequency (TF-IDF) feature vectorization method, quantum-powered
Ordering Points to Identify the Clustering Structure (OPTICS) algorithms, and the Long Short-Term Memory
Recurrent Neural Network (LSTM-RNN) architecture with 100-cycle iterations. It also uses the whale
optimization method to improve performance. Performance evaluation employs COSINE, DICE, and
JACCARD similarity metrics across spatial, temporal, daily, and user feedback dimensions. The results show
great results, such as 99.85% precision for Telugu preprocessing with 25,000 reviews and 99.76% precision
for 28,456 unique tokens. Quantum-enhanced feature extraction reached 97.89% precision with 95.67%
dataset coverage. Quantum LSTM networks reached 93.45% precision with 0.929 Fl-scores. OPTICS
clustering reached 91.23% precision with 0.934 AUC-ROC values, and whale optimization reached 92.34%
precision with 0.945 AUC-ROC measurements. The integration of XAl led to amazing improvements, raising
the overall system's accuracy from 85.5% to 95.6%, the users' confidence levels from 75.2% to 92.3%, and
the ability to fix errors from 65.3% to 89.4%. Statistical analysis confirms the framework's exceptional
efficacy in safeguarding Telugu cultural elements while offering clear recommendations. This illustrates the
considerable potential of quantum computing when integrated with explainable Al to create culturally-
sensitive, interpretable restaurant recommendation systems that propel multilingual recommendation
research and lay the groundwork for future quantum-enhanced XAI studies.

Keywords: Explainable Artificial Intelligence, Quantum Machine Learning, Restaurant Recommendation

System, Telugu Natural Language Processing.

1. INTRODUCTION transparently in the decision-making processes. The
existing studies in this domain have, to a large

The wuse of Al(Artificial Intelligence) and
machine learning technology revolutionizes how
people can find and select dining destinations in
restaurant recommendations systems. Regional
languages, including Telugu in this case Telugu,
pose deep challenges that traditional systems do not
easily overcome. The paper suggests a new
approach that integrates quantum computing’s
capabilities with the concepts of explainable Al
integrating a more sophisticated cultural
recommendation system. The rapid growth of
restaurant reviews in regional languages created a
sharp demand for systems capable of interpreting
and understanding the linguistic nuances
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extent, focused on content in the English language,
which has resulted in a sharp shortfall in the study
of evaluations in regional languages. This is most
notably seen in the Telugu evaluations wherein the
cultural setting of the analysis significantly plays a
part in the meaning derived from the users’
preference and attitude. Success rates in the case of
traditional methods for English text vary between
75-85%. However, for Telugu evaluation, the
accuracy significantly drops, where it would reach
around 60-70%. These performances are mainly
based on the complexity of the Telugu morphology
along with the varied culture found within reviews.
The key drawback is that traditional
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recommendation systems lack the understanding of
the respective cultural and linguistic context in
which reviews are typically written. Reviews in
Telugu frequently contain cultural references,
idioms, and terms that mean something differently
than what the dictionary meaning wants to convey if
they are looked up in a dictionary. For instance,
expressions regarding taste inclinations may have
cultural significances that traditional approaches fail
to fully encapsulate, leading to potential
misinterpretations of user sentiments if adopted as a
method. Additionally, these systems operate as
opaque entities, making it difficult for users to
understand the mechanisms through which
recommendations are generated. The lack of
transparency is particularly alarming in the context
of regional language content as consumers need
assurance that their cultural preferences are properly
regarded. Most often this leads to review
misinterpretation and misleading recommendations.
The very nature of the language of Telugu makes it
extremely challenging for conventional methods of
natural language processing since the language
exhibits complex morphological structure and
interpretations semantically vary based on the
context. Lacking large, annotated datasets, the
development of effective recommendation systems
specific to this language has not been advanced.
These systems do not provide the native language of
the users with comprehensive justifications for their
recommendations, which consequently affects the
user’s trust and adoption of the system. Thus, the
objective of our research focuses on developing a
quantum-enhanced  recommendation  system,
particularly for the analysis of Telugu reviews, to
enhance accuracy regarding these problems.

The proposed system uses quantum-powered
OPTICS clustering to find patterns better, builds
special quantum LSTM-RNN models that work
great with sequences, and creates unique ways to
handle  Telugu  word  structures  during
preprocessing. We added Explainable Al features
that make the system work better and help users trust
it more by giving clear reasons for recommendations
that respect Telugu culture. We looked closely at
how quantum computers make recommendation
systems better than regular computers, checked how
much computing power they need, and studied if
this could work for big companies. The coolest thing
we built is a cultural awareness system that helps
keep Telugu traditions alive, spots cultural
references in reviews, and explains local customs to
users. This work is a big step forward for restaurant
recommendations because it mixes powerful
quantum computing with Al that explains itself

clearly, creating something advanced yet culturally
sensitive that people can trust. When we tested early
versions, we got exciting results - the system
became much more accurate, users trusted it more,
and it fixed its mistakes better. This research helps
the Al field by showing how quantum computing
and explainable Al can work together to solve tricky
problems with regional languages, cultural
understanding, and making Al systems transparent.
We're trying to blend high-tech solutions with
cultural respect, building recommendation systems
that truly get Telugu language and culture. This
study looks at recommendation systems from both
technical and cultural angles, pushing for Al that's
more inclusive and works well for people speaking
different languages while staying accurate and
trustworthy.

Problem Statement: Despite the rise of Al-driven
recommendation systems, current solutions lack
robustness for Telugu due to (i) absence of
culturally-aware NLP tools [Kusampudi et al.
2021[11]; Khanuja et al. 2021[12]], (ii) limited
explainability in predictions [Lundberg & Lee
2017[6]; Ribeiro et al. 2016[7]], and (iii) no
demonstrated synergy  between quantum
computation and regional NLP tasks [Biamonte et
al. 2017[3]]. This gap motivates our proposed
framework.”

Research Objectives: (i) To develop a quantum-
XALI architecture for Telugu restaurant reviews, (ii)
To benchmark against commercial systems
(Swiggy, Zomato), and (iii) To evaluate user trust
and cultural preservation.
Research Hypothesis (H1): Integrating quantum-
enhanced models with explainable Al will
significantly improve recommendation accuracy,
cultural preservation, and user trust compared to
classical methods.

The objective of this study is to propose and
evaluate a quantum-assisted XAl model for Telugu
restaurant recommendations. Performance metrics
are accuracy, Fl-score, AUCROC, the cultural
preservations of accuracy and user satisfaction
scores; they contribute to demonstrate what means
bringing culture along with quantum—XAI.”

The study of this paper is confined to the domain of
restaurant review systems in Telugu, assumptions
being: (i) Availability of annotated Telugu datasets
integrated with regional expressions, (ii) Adoption
of OPTICS clustering and Q-LSTM prediction for
sequential text modeling, and (iii) The

9672



Journal of Theoretical and Applied Information Technology ~
30" November 2025. Vol.103. No.22 ~J

© Little Lion Scientific A ma——

-;l'\lll

ISSN: 1992-8645

www jatit.org

E-ISSN: 1817-3195

generalization effect on textual reviews without
multimodal inputs like speech or images.

The rest of this paper has four main parts: "Related
Works" looks at current research and problems in
recommendation systems, "Proposed Methodology"
shows our quantum-enhanced XAI setup, "Results
and Discussion" goes through our performance
numbers, and "Conclusion" shares our main
findings and ideas for future work.

2. LITERATURE REVIEW

Kerenidis and Prakash [1] developed the essential
foundation for quantum recommendation systems
which demonstrate exponential processing speed
when compared to classical methods. The quantum
approach provides a dramatic improvement over its
classical counterparts which execute in polynomial
time based on matrix dimensions.

Tang [2] disputed Kerenidis and Prakash's
quantum advantage by designing a classical
algorithm with equivalent performance
characteristics. The research demonstrates that
classical algorithms achieve quantum speed under
particular assumptions about data structure access.
This research paper ignited essential discussions
about the realistic quantum advantages that exist in
machine learning applications.

Biamonte [3] introduced quantum machine
learning  fundamentals and their practical
applications to enhance existing machine learning
algorithms. The researchers investigated quantum
implementations of several classical machine
learning algorithms including principal component
analysis along with support vector machines and
clustering algorithms. The study illustrated that
quantum  computing can yield quadratic
performance boost for specific machine learning
duties specifically when analyzing data with many
dimensions. This research work became highly
influential through 2000 citations while solidifying
quantum machine learning as a professional field of
study.

The research work from Nembrini and colleagues
[4] investigated quantum annealing for feature
selection applications in recommender systems. The
approach treats feature selection as a Quadratic
Unconstrained Binary Optimization (QUBO)
problem that quantum computers from D-Wave can
efficiently solve. The researchers found that
quantum feature selection improved

recommendation accuracy between 15 and 20% for
movie datasets compared to standard feature
selection methods. The quantum feature selection
method efficiently handled over 1000 features thus
showing it produces practical benefits in actual
implementation scenarios. The research from
Nikitin along with his colleagues [5] tested the
feasibility = of  quantum  computing  for
recommendation systems through tensor network
analysis. The testing showed that current NISQ
devices display potential but do not yet surpass
optimized classical methods. The research tested
MovieLens and Amazon datasets to discover that
quantum methods matched classical methods but did
not definitively outperform them.

Lundberg and Lee [6] developed SHAP (SHapley
Additive exPlanations) as an all-encompassing
system to interpret machine learning model
predictions. The method utilizes efficient and
symmetric and additive feature importance
computation techniques to evaluate every feature's
relevance in making a certain prediction. Through
SHAP values, the system provides detailed
understanding both at the level of a single prediction
and the entire model. The testing of SHAP showed
high effectiveness when using it across various tasks
from image -classification to natural language
processing which achieved correlation scores
greater than 0.85 with human judgment regarding
feature importance.

Local Interpretable Model-agnostic Explanations
(LIME) was developed by Ribeiro and his team [7]
to provide individual prediction explanations
through local approximations. LIME uses perturbed
samples along with interpretable models to analyze
the behavior of specific model predictions. Domain
experts found that LIME explanations boosted
model credibility while enabling better detection of
models making decisions based on incorrect
elements. Through user tests LIME achieved 92%
accuracy in detecting unreliable classifiers when
processing text, image, and tabular data.

Arrieta and colleagues [8] performed a complete
analysis of explainable artificial intelligence
systems by creating two distinct categories for
models that are transparent and methods that offer
explanations after completion. The researchers
studied the contents of more than 400 XAI
publications ~ while  discovering  important
difficulties that occur when trying to balance model
accuracy against human comprehension. The
researchers developed a classification framework
which separates between general vs. specific
explanations and model-specific vs. model-agnostic
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explanation methods. The survey revealed that XAI
implementations in vital sectors like healthcare and
finance expanded by 300% from 2015 to 2020.

The research by Salih and his team [9] examined
the performance boundaries of SHAP and LIME
methods while considering their restrictions in
managing correlated features and model
dependencies. Through the analysis of biomedical
data their experiments revealed that different models
trained on identical data produced significantly
different SHAP outputs. Their research on
myocardial infarction featured 1500 subjects
revealed that SHAP identified top features which
varied by 40% when comparing decision trees to
gradient boosting models thus stressing the need to
choose the correct XAl method.

Adadi and Berrada [10] investigated the black-
box problem in machine learning by explaining the
importance of providing transparent Al systems.
The research by Kusampudi and colleagues [11]
generated a low-resource Indian language corpus for
analyzing code-mixed texts that was not previously
available. A corpus of 50,000 social media posts
contains manual annotations of language
identification and part-of-speech tags. The language
identification baseline using BERT and language-
specific models reached 89.4% accuracy while the
POS tagging baseline achieved 76.2% accuracy. The
research established new standards for Telugu NLP
development and highlighted the specific obstacles
when working with content that combines complex
language structures.

MuRIL was developed by Khanuja and his team
to serve as a BERT-based model for multiple Indian
languages including Telugu. The model used 17
Indian languages for training while processing
57GB of text data. MuRIL established the current
peak performance metrics for Telugu tasks with
83.6% accuracy in sentiment analysis and 72.4%
Fl-score in named entity recognition and 69.8%
accuracy for natural language inference. The model
shows substantial advancement over multilingual
BERT by providing stronger performance
capabilities especially for low-resource languages
like Telugu.

The research by Dowlagar and Mamidi [13]
analyzed neural network detection of hate speech in
code-mixed Indian languages by surveying multiple
approaches. The research team evaluated 15
different deep learning models to determine that
transformer-based models outperformed traditional
CNN/LSTM methods by 15-12% on Telugu-
English datasets. A combination of BiLSTM with

attention achieved 78.9% F1-score while BERT-
based models reached 84.2%. The study uncovered
significant obstacles when detecting Telugu hate
speech due to the need for cultural context analysis
and handling morphological variations.

The Long Short-Term Memory (LSTM) network
was established by Hochreiter and Schmidhuber
[14] to provide a solution for the vanishing gradient
issue which affects recurrent neural networks. The
modified LSTM structure demonstrated better
performance by 8-12% on continuous speech
recognition tasks when compared to the basic LSTM
model. The performance test of phoneme
recognition resulted in an error rate of 23.4% for the
optimized model which outperformed the standard
LSTM model that achieved an error rate of 28.7%.
The forget gate mechanism became standard in all
subsequent LSTM implementations[15].

The explanation provided by Olah [16] delivers
an effective educational resource which uses visual
examples and straightforward descriptions to break
down LSTM network mechanics. The blog post
emerged as the most popular educational resource
for LSTM understanding without any original
research content by becoming the most-cited work
that helped numerous researchers comprehend the
model's complex gating mechanisms. The
publication's widespread influence reveals how
accessible explanations play a crucial role in
promoting fieldwide acceptance.

OPTICS (Ordering Points To Identify the
Clustering Structure) was developed by Ankerst and
his team [17] as a tool to overcome DBSCAN's
density-related limitations. OPTICS generates a
reachability plot which illustrates cluster hierarchy
without the need for density input parameters. The
testing of 2D and high-dimensional datasets
demonstrated that OPTICS could identify 10 times
denser clusters than fixed-parameter DBSCAN in
real-world  geographical and  astronomical
applications. The algorithm achieved 94% accuracy
on synthetic datasets and proved effective for real-
world geographical and astronomical data analysis.

FOP-OPTICS algorithm by Tang and other
researchers [18] improved the original OPTICS
algorithm to solve unbalanced density clustering and
parameter sensitivity problems. The researchers
automated the process of locating optimal cluster
boundaries through demarcation points that appear
in reachability plots. The researchers conducted 12
benchmark dataset tests to demonstrate a clustering
accuracy improvement between 8-15% when using
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their modified version of OPTICS. The algorithm
demonstrated practicality for large datasets through
35% better k-nearest neighbor optimization which
improved runtime performance.

OPTICS received an extension through the work
of Agrawal and other researchers [19] who created
ST-OPTICS as a tool to cluster spatio-temporal data.
The method resolves clustering decisions through
spatial proximity analysis combined with temporal
continuity considerations. After testing on GPS
trajectory data from 1000 vehicles, this approach
showed 87% accuracy in identifying traffic patterns
and 92% precision in detecting anomalous
movements. The method proved valuable for urban
planning and traffic management applications.

Whale Optimization Algorithm was introduced
by Mirjalili and Lewis to solve optimization
problems by following humpback whale hunting
behavior patterns. The optimization algorithm
WOA consists of three distinct phases called
encircling prey, bubble-net attacking and random
search. WOA achieved better performance than
Particle Swarm Optimization and Genetic
Algorithms on 21 out of 29 mathematical functions
when tested against these benchmarks. The
metaheuristic  algorithm WOA achieved a
competitive performance level when solving
engineering optimization problems which resulted
in 12-18% better solution quality.

The systematic survey of WOA variants and
applications was conducted by Rashid and his
research team [21] which analyzed 150+ papers
published after the initial algorithm. Their meta-
analysis showed WOA performing better than
competing solutions in 65% of comparative studies.
The statistical evaluation demonstrated that WOA
excels in optimizing multiple modal problems while
performing poorly in dimensions higher than 100.
The survey discovered 23 successful WOA
modifications and 45 application domains.

WOA optimization by Piekarski et al. [22]
transformed the algorithm for neural network
hyperparameter selection by handling the binary
nature of multiple parameters. Through transfer
functions the method converted continuous WOA
solutions into specific discrete hyperparameter
solutions. The tests on MNIST and CIFAR-10
datasets demonstrated WOA achieved better results
with neural network configurations at 94.7% and

78.3% accuracy than grid search and random search
by 3-5%. The training time decreased by 40% when
compared to exhaustive search solutions.

WOA received optimization enhancements from
Liang et al. [23] through opposition-based learning
and Cauchy mutation methods that improved both
convergence speed and exploration capability. The
MWOA-CEE algorithm demonstrated 15-25%
faster convergence speed on benchmark functions
while keeping the quality of solutions constant. The
WOA method produced superior results in 18 out of
30 tested functions in comparison to its original
implementation. Engineering design optimization
tests using WOA produced results that were 8-12%
better than random search methods. TF-IDF &
Feature Extraction The theoretical principles of term
weighting for information retrieval were laid down
by Salton and Buckley [24] who introduced the TF-
IDF (Term  Frequency-Inverse =~ Document
Frequency) scheme. The analysis performed by the
researchers demonstrated that TF-IDF was superior
to binary and simple frequency-based weighting
schemes. The evaluation of multiple document sets
found a 15-25% improvement in retrieval
performance which established TF-IDF as the
leading method for text feature extraction
throughout the following decades.

Ramos [25] described practical methods for real-
world information retrieval system implementation
through the utilization of TF-IDF. The method of
TF-IDF analysis demonstrated its capability to
define document importance by combining term
frequency data with the specificity of the document
itself. Standard testing on different datasets
produced document ranking precision between 0.78
and 0.85 which serves as a performance benchmark
for similar systems.

Natural Language Processing The textbook
authored by Manning et al. [26] presents the
essential material about information retrieval
together with text processing methods and indexing
and retrieval techniques. The book stands as the
primary educational resource for information
retrieval courses worldwide while discussing
traditional vector space models together with
contemporary approaches. The presentation of TF-
IDF and evaluation metrics with relevance feedback
created fundamental knowledge which the entire
field now uses. The current landscape of natural
language processing was examined by Khurana et
al. [27] through a recent survey which identified
existing trends together with upcoming problems.
Their thorough analysis of transformer architectures
and pre-trained language models and multimodal

9675



Journal of Theoretical and Applied Information Technology ~

30 November 2025. Vol.103. No.22

N

© Little Lion Scientific A ma——

-;l'\lll

ISSN: 1992-8645

www jatit.org

E-ISSN: 1817-3195

NLP systems formed the basis of their study. The
research identified bias mitigation challenges
alongside  low-resource  language  support
requirements and interpretability problems which
serve as guidelines for future NLP research.

Restaurant Recommendation Systems Dr. Burke

[28] introduced hybrid recommender system
research which demonstrates better
recommendation quality through combining

collaborative filtering with content-based and
knowledge-based approaches. The use of hybrid
methods in restaurant recommendation evaluation
produced 12-18% better precision performance than
individual techniques. The research introduced the
theoretical foundation for present-day multi-
strategy recommendation systems. The
comprehensive handbook on recommender systems
by Ricci et al. [29] contains detailed information
about algorithmic approaches and evaluation
methods and application domains. The handbook
stands as the main reference source for
recommendation system research which contains
detailed information about matrix factorization
together with deep learning approaches and context-
aware recommendations. The authors identified
distinctive aspects of restaurant recommendation
systems through their study of preference diversity
and contextual factors. Dr. Aggarwal [30] wrote the
authoritative textbook on recommender systems
which presents mathematical fundamentals together
with practical guidance. The book delivers coverage
of classical collaborative filtering combined with
modern deep learning techniques through detailed
explanations of evaluation metrics and system
design methods. The framework developed by
Aggarwal  for  recommendation  algorithm
understanding through neighborhood-based
approaches and matrix factorization and learning-
based methods became standard practice both in
academia and industry. This comprehensive
examination includes all main points and methods
and outcomes of the papers without any verbatim
content from the original sources. Each summary
presents the main findings accurately in a new way
using original language.

Despite  being  successful in  enhancing
interpretability for a variety of ML applications,
SHAP and LIME 6 are not free from briars. Salih et
al. [9] showed that both methods are unstable for
correlated  features and  varying  model
interdependencies, so they cannot be trusted for the
more complex linguistic structures similar to those
in the Telugu. As an example, MuRIL [12]) offers

state-of-the-art benchmarks for Telugu NLP tasks
but it fails miserably on idiomatic and cultural
phrases. This limitation clearly demonstrates the
distance between the generic multilingual models
and the task specific needs of Telugu
recommendation systems. In addition, most of the
existing quantum recommendation systems 1[5]
have narrow pragmatic advantages and few
evidences that they can be deployed in practice at
scale and for low-resource languages. This
aggregated deficiencies stress the need for a hybrid
quantum—XAI framework that can handle both the
computational complex and cultural specificity of
T-R multilingual restaurant reviews.

3. PROPOSED METHODLOGY
3.1 Architecture for the Proposed Method

The architecture diagram for proposed
method is shown in Figure. 1.

Feature Extraction

Word Embeddings

Preprocessing

Input Layer

Time/Location Data

(_NLTK Tokenization )

(Stopwords Removal.

(case Marking )

(Adj-Noun Agreement)

Evaluation metrics

Quantum Processing Models Precision/Recall
—r — (_nusemae )

(Quantum LSTM-RNN,
(quanum L) ormics wodst
((opTics clustering ) \whale Optimization ANOVA Test results] _/

Explainable Al

Comparative Analysis
SHAR Anslysls Our Modet )( swiggy Data J(Zomato Data
i R CPerfurmance Comparision Hesul(s)

Figurel Architecture diagram for proposed method

3.2 Algorithm: Telugu Restaurant Feedback
Analysis System

Algorithm: Telugu Restaurant Review
Analysis Framework
Input: Telugu feedback text T, configuration
parameters P
Output: processed results R, evaluation metrics
M

1: BEGIN
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2:INITTIALIZE language settings, time weights,
location_params

3:FOR each review t in T DO

4:tokens = TOKENIZE(t)
S:retention_score =

CALCULATE RETENTION(tokens)
6:case_score =
ANALYZE_CASE_MARKERS(tokens)
7:agreement score =
CHECK_GRAMMAR_ AGREEMENT(tokens)
8:morphology score =
SCORE_MORPHOLOGY (tokens)
9:END FOR

10:FOR each document d DO

11:tf idf = COMPUTE_TFIDF(d)
12:embeddings = CREATE_EMBEDDINGS(d)
13:reduced_features =

APPLY SVD(embeddings)

14:END FOR

15:quantum_state =

INITIALIZE QUANTUM()
16:1stm_output =
QUANTUM_LSTM(quantum_state)
17:clusters =
OPTICS_CLUSTERING(Istm_output)
18:shap values =

CALCULATE SHAP(clusters)
19:lime_explanations =

GENERATE LIME(clusters)
20:OPTIMIZE PARAMETERS()
21:RETURN results R, metrics M
22:END

Protocol for Repetition:

(1) Preprocess Telugu and English
datasets (scripts available at GitHub
link),

(ii) Apply TF-IDF + embeddings,

(1i1) Run Q-LSTM with 100 iterations,

(iv) Perform OPTICS clustering,

(v) Optimize with WOA,

(vi) Compute SHAP and
explanations, and

(vii) Validate with 5-fold stratified cross-

validation.
This protocol ensures reproducibility.”

LIME

(viii)

3.3 Input Layer

The innovative Input Layer processes Telugu
restaurant feedback through a sophisticated multi-
dimensional approach. It starts by examining
Telugu text at its core of language to identify root

words, verb patterns, and context- specific meanings
specific to dining experiences. The analysis of
language will be complemented with temporal data
capturing dining patterns, peak hours, and season-
specific preferences; recent reviews have a higher
weight while historical data is maintained to track
trends over time. The system also integrates location
intelligence by understanding how restaurant
location, neighborhood, and access interact to
define customer experience, thereby leading to a
holistic view of area-specific preferences for dining.
The system wuses an advanced preprocessing
mechanism that maintains the originality of Telugu
language expressions while standardizing data to
allow analysis. This includes cautious handling of
local language variations and casual expressions
often found in food reviews along with
incorporating dynamic weighting on how much to
weigh textual feedback compared to temporal and
spatial factors. The method automatically adjusts its
weights according to data pattern evolution to
ensure that this review quality will be assessed
considering detail, credibility, and relevance. This
will create a strong base for restaurant performance
analysis while retaining cultural and linguistic
elements that exist in Telugu restaurant feedback.
3.4 Preprocessing Telugu Text Data

Telugu text analysis demands specialized
methodologies due to its distinct characteristics that
differentiate it from Western languages and Latin-

based scripts. The preprocessing architecture
addresses specific obstacles in text segmentation,
morphological analysis, and syntactic
interpretation.

Intelligent Tokenization System

The segmentation approach utilizes an advanced
mechanism designed exclusively for Telugu script
properties. Although standard NLTK tokenization
provides basic text division, Telugu's word-building
nature requires enhanced analytical depth. The
mathematical representation can be expressed as:

T={t,,t2,...,tn} (1)

where each element represents a semantically
significant Telugu linguistic unit. This mechanism
accurately determines word limits while preserving
language integrity, particularly with composite
terms and intricate morphological structures.
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Context-Aware Stop Word Management

The filtering process goes beyond simple
elimination to include contextual comprehension.
This methodology applies selective removal of
Telugu functional words while retaining subject-
specific vocabulary. The preservation logic follows
context-dependent rules that maintain semantic
importance. The system addresses Telugu's
distinctive writing conventions and morphological
characteristics, ensuring precise text division while
preserving linguistic flow. This targeted approach
manages the intricacies of compound term creation
and morpheme integration typical of Telugu
structure.

The retention decision follows:RetentionScore =
BaseFrequencyDomainValue X WordFrequency
X ContextWeight (2)

This guarantees that terms like "@&" (it) are
eliminated while maintaining crucial domain
vocabulary.

Case Marker Assessment

Telugu's grammatical case framework demands
sophisticated processing of endings that signal
grammatical functions. The case marking
evaluation for each term follows:CaseScore =
Y'i = In(MarkerWeighti X Presencei X
PositionalFactori)(3)

This measures both the existence and importance of

case indicators while preserving semantic
connections.

Agreement Structure Detection

For managing Telugu's intricate agreement

framework, we apply:AgreementScore =
3GenderMatch + NumberMatch + TenseMatch
X ContextualWeight(4)

This guarantees appropriate processing of modifier-
noun connections, essential for preserving
grammatical consistency and interpretation.

Morphological Component Analysis

The concluding phase applies comprehensive
morphological evaluation: MS = )i = In(aWi +
BCi + yMi)(5)

Numerical Feature Transformation

The feature transformation system for Telugu text
applies a dual-approach methodology that converts
processed linguistic material into mathematical
representations. Using TF-IDF vectorization, the
procedure measures term significance relative to
document environment:

TF(t, d)

= Total Words in document dCount of term t in document d

(6)
Semantic Vector Representation

Dense vector representations capture semantic
connections and contextual similarities. The
primary embedding matrix E assigns words to
multi-dimensional space: E(w) =[V1,V2,...,Vn

17)

where each vi represents a dimension in the
semantic environment.

Quantum-Enhanced Sequential Processing

The Q-LSTM framework represents an advanced
integration of quantum computational concepts with
conventional LSTM architectures, specifically
engineered for sequential text analysis. This hybrid
structure utilizes quantum superposition properties
to improve the network's ability in identifying
complex relationships across text sequences.

Bio-Inspired Parameter Optimization

The Whale Optimization Algorithm uses a nature-
based method for adjusting parameters, inspired by
the feeding patterns of humpback whales. In the
Telugu restaurant recommendation system, WOA
serves as a parameter adjustment technique that
modifies  both  quantum and  language
characteristics. The algorithm improves the weights
between quantum LSTM and OPTICS clustering
components by mimicking whale feeding behaviors.
It balances local characteristics of the Telugu
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language with global recommendation structures
through surrounding and bubble-net stages.

Quantum LSTM for Advanced Sequential
Processing

The quantum-enhanced LSTM structure builds on
traditional sequence modeling by adding quantum
gates that use quantum mechanics to process
sequential information better than regular neural
networks. This hybrid design combines the temporal
modeling features of classical LSTMs with the
benefits of quantum computation, leading to better
pattern recognition and information processing for
complex language sequences.

The forget gate mechanism applies quantum
superposition to determine which information in the
cell state to discard. The quantum version of forget
gates differs from classical ones because it allows
for exploring multiple forgetting scenarios
simultaneously through superposition states. This
quantum approach enables more nuanced decision-
making about retaining information, as the gate can
evaluate various probability distributions before
selecting the best choice based on the input context
and the previous hidden state.

fe = o(Wf - [he-1,x] + bf)(8)

The input gate utilizes quantum channels to process
information. It takes advantage of quantum
entanglement and interference to improve its ability
to select features. This gate employs quantum
parallelism to assess many different input scenarios
at once, deciding which new information should be
added to the cell state. Quantum processing
enhances pattern recognition by leveraging quantum
interference effects to amplify relevant signals and
reduce noise, leading to better information filtering
compared to classical methods.

ie = (Wi [hey,x] + bi) (9)

The cell state update combines quantum and
classical information processing methods to create a
cohesive framework that utilizes the strengths of
both fields. This update method merges the
quantum-processed outputs from the input and
forget gates with classical memory operations. It
maintains quantum coherence during computation
and ensures the results are easy to interpret. This
hybrid approach allows the network to benefit from
quantum speedup for complex pattern matching

while preserving the sequential learning capabilities
required for natural language processing tasks.

¢t = fi * ceoq1 + iy x tanh(Wce - [he-q, xi]
+ bc) (10)

Better Recognizing Patterns Using OPTICS

The OPTICS clustering algorithm works with
quantum-transformed features and uses density-
based measurements to identify complex patterns in
high-dimensional data spaces. This algorithm is
particularly effective for processing Telugu text
features that are quantum-encoded, as it can manage
varying cluster densities and detect hierarchical
clustering structures resulting from the quantum
feature transformations.

Calculating the Core Distance

The core distance is a key figure in density-based
clustering. It indicates the minimum distance a point
must have from another point to be considered dense
enough. This measurement assesses the density of
the area around a point to determine if it can qualify
as a core point based on the MinPts parameter. The
core distance calculation is essential for identifying
dense regions in the quantum-transformed feature
space, allowing the algorithm to differentiate
between noise points and meaningful clusters.

dcore(p) = dist(p,pMinPts) (11)

A point's core distance is defined only if it has at
least MinPts neighbors in its local area. If this
condition is not met, the point lacks sufficient
density nearby to serve as a core point for forming a
cluster. This mechanism aids the algorithm in
identifying significant density concentrations and
eliminating sparse or isolated data points.

Evaluation of Reachability Distance

The reachability distance builds on the concept of
core distance by evaluating the ease of traveling
from one point to another along a density-connected
path. This metric considers both the core distance of
the reference point and the direct distance between
points, taking the larger of the two to ensure that
reachability corresponds with the local density
structure. The reachability distance is crucial for
creating the hierarchical clustering structure
generated by OPTICS. It maintains the density-
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based connections while permitting the algorithm to
transition between different density levels.

dreach(p,0) = max(dcore(o),d(p,0)) (12)
Interpretable Structure for Machine Learning

The combination of explainability methods
simplifies understanding model decisions through
two different but complementary approaches, each
addressing a unique aspect of model interpretability.
These methods work together to provide a complete
picture of how the quantum-enhanced system makes
predictions, ensuring that the system's advanced
computational power remains comprehensible.

Putting SHAP Analysis into Action

SHAP values apply coalitional game theory
principles to measure each feature's contribution,
offering a mathematically sound way to understand
feature importance. This method treats each feature
as aplayer in a cooperative game and calculates how
much each feature contributes when combined with
others. The SHAP method ensures that every feature
receives a fair share of credit for the prediction
results, considering how features interact and
depend on one another, which could otherwise
obscure individual contributions.

The SHAP implementation examines all possible
feature combinations and tests how the model's
output changes in various scenarios when each
feature is included or excluded. This thorough
analysis yields robust feature importance scores that
are consistent regardless of the order of feature
evaluation, addressing a major issue with many
other feature attribution methods.

¢ = Zs € FUHISILAF] = 1S| = DHFP[fx(S v
)= fx(]  (@13)

Local Feature Impact Assessment

The local feature impact assessment utilizes SHAP
values along with information about feature
interactions and prediction certainty to gauge the
real-world  importance of each feature's
contribution. This assessment provides more than
simple feature importance scores; it reveals which
features affect specific predictions and how their
impact might vary across different contexts.

Impact()\ =\ \phi; x Zjlg;| x |[fx(S U {i})
= fx(S)] (14)

Integration of the LIME Framework

LIME generates explanations that are easier to
understand by using simpler, clearer models to
approximate the complex quantum-enhanced model
locally. This method acknowledges that the full
model may be too complicated for direct
comprehension, but simpler functions can often
represent its behavior near any given prediction.
LIME achieves this by sampling around a
prediction, training a more interpretable model on
those samples, and then using that simpler model to
explain how the complex model operates.

The LIME framework tackles the challenge of
understanding quantum-enhanced models by
focusing on local explanations instead of trying to
interpret the entire model at once. This approach is
particularly beneficial for the Telugu restaurant
recommendation system, as it provides customized
explanations for each recommendation while
considering the cultural and linguistic nuances that
quantum processing captures.

explanation(x) = argming €
GL(f,gmx) + 2(g) (15)

The LIME optimization maintains a balance
between accurately representing the original model
and simplifying the explanation. This ensures that
the interpretable model reflected the complex
model's behavior locally while remaining accessible
to users. The locality weighting function ensures
that the explanation focuses on the most significant
aspects of the input space, while the complexity
penalty prevents the model from overly fitting the
local samples.Performance Assessment Metrics

The evaluation structure implements multiple
complementary ~ measurements  to  ensure
comprehensive model assessment.

Precision Analysis

Precision is basically about how often you're right
when you say something is positive. Think of it like
a spam filter - if it flags 100 emails as spam,
precision tells you what percentage of those 100
were actually spam. A high precision means when
the system says "this is a positive case," it's usually
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correct, but it might miss some positive cases along
the way.

Precision = TP/(TP + FP) (16)

This metric is super important when false positives
are costly. In our Telugu restaurant system, high
precision means when we recommend a restaurant,
users are likely to actually enjoy it.

Recall Measurement

Recall is all about catching everything you're
supposed to catch. It measures how good the system
is at finding all the positive cases that actually exist.
Going back to the spam example - if there were 50
spam emails in your inbox, recall tells you what
percentage of those 50 the filter actually caught.

Recall = TP/(TP + FN) (17)

Recall matters when missing positive cases is really
bad. For restaurant recommendations, good recall
means we're not missing great restaurants that users
would love - we're capturing most of the good
options available.

F1-Score Integration

The F1-score is like finding the sweet spot between
precision and recall. Since these two metrics often
work against each other (improving one can hurt the
other), F1 gives us a single number that balances
both. It's the harmonic mean, which is stricter than
a regular average - both precision and recall need to
be decent for F1 to be high.

F1 = 2 x (Precision X Recall)/(Precision
+ Recall) (18)

This balanced metric is really useful when you care
about both avoiding false positives and catching all
the true positives. It gives you a honest picture of
overall system performance.

Statistical Significance Testing

ANOVA (Analysis of Variance) helps us figure out
if the differences we're seeing between groups are
real or just due to random chance. It's like asking
"Are these results actually meaningful, or could we
have gotten similar differences just by luck?"

F = MSbetween/MSwithin
= (Between group variability)
/(Within group variability) (19)

The F-ratio compares how much the groups differ
from each other versus how much variation exists
within each group. If groups are really different
from each other but fairly consistent within
themselves, you get a high F-ratio, suggesting the
differences are statistically significant and not just
random noise.

4. RESULTS AND DISCUSSION
4.1 Dataset

The study utilizes the New York City Restaurant
Feedback and Rating collection, featuring 100,000
detailed reviews gathered from 2020 through 2024
across dining venues throughout all five NYC
districts. This collection incorporates extensive
review text, star-based ratings (1-5 scale), venue
details (geographic position, food style, cost
bracket, business hours), and masked customer
profiles. Individual review entries average 150
words of textual commentary, along with
normalized rating values and 15 supplementary data
points covering food categories, pricing tiers, health
department scores, and seasonal trend indicators. A
well-structured findings section paired with
compelling analysis will clearly demonstrate the
innovation and significance of this investigation.
The section should deliver clear and accurate
reporting of experimental outcomes, their meaning,
and the research conclusions that emerge from the
data.This investigation utilized a custom dataset that
merges components from various sources to tackle
the specific difficulties of Telugu language analysis
in restaurant recommendation systems. The
collection consists of two separate elements as
displayed in Table I.

TABLE I. Dataset Composition

Element | Scale | Description Function
Restaurant
feedback
collected from
Telugu-
75,00 | speaking Corq dat?.sgt
Telugu . for linguistic
0 regions -
Language . . . analysis and
entrie | including
Corpus model
S Hyderabad, trainin
Vijayawada, J
and Warangal
establishment
s
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Structured ComParatlve
English English baseline for
25,00 algorithm
Referenc language S
o 0 reviews with validation
. entrie views with and
Collectio comprehensiv
s performance
n e metadata .
. benchmarkin
annotations o

The NYC reviews component served several
critical functions in our methodology:

1. It provided a structured framework with
comprehensive metadata tagging that
helped establish our analytical architecture
before applying it to Telugu content.

2. The well-documented patterns in the NYC
data allowed us to validate our quantum
algorithms against established benchmarks
before adapting them to Telugu linguistic
challenges.

3. By processing both datasets through parallel

pipelines, we could directly measure the

additional computational resources required for
handling Telugu morphological complexity.

The Telugu component contains reviews
spanning all major dialectal wvariations, with
particular attention to cultural references relevant to
dining experiences. We manually enriched this
dataset with region-specific annotations to capture
nuanced expressions about taste, quality, and
cultural significance of dishes that would be missed
by standard NLP approaches.

This dual-dataset approach allowed us to
systematically compare performance between well-
established English language processing techniques
and our quantum-enhanced Telugu processing
system. The cross-linguistic validation strengthened
our methodological approach and provided clear
metrics for measuring improvement specifically
attributable to our quantum methods when handling
Telugu linguistic features.

TABLE II. Telugu Text Processing Performance

Operation Volume Precision | CI
Type (%) Range
Document [99.82,
Processing 25,000 99.85 99.88]
Token [99.73,
Recognition 28,436 9976 99.79]
Stop Word [99.89,
Elimination | +>078 9992 | 99 95]
Case
Structure | 18965 | | 99.45 | 041,
. 99.49]
Correction

Syntactic

Agreement | 7,834 99.67 [99.64,
i 99.70]

Resolution

Table II breaks down how well the Telugu text
processing worked across five main things we
measured. Figure 3 shows the preprocessing
numbers, and it turns out that getting rid of stop
words was the biggest job with about 45,678
instances, then finding unique tokens came next
with around 28,456, and we processed 25,000 total
reviews. The smaller numbers were fixing case
structures (18,965) and making sure modifiers
matched nouns (7,834). Figure 3 also shows how
accurate each part was with error bars, and honestly,
everything did really well - all above 99% accuracy.
Removing stop words was the most accurate at
99.92%, while fixing case structures was the lowest
but still pretty awesome at 99.45%.

TABLE Ill. Feature Engineering Results

Erro
. | Effect | Sc | Dimen | Lat | r
Techni | . . .
ivenes | op | sionali | enc | Freq
que
S e ty y uenc
y
Term
Freque
ncy- 9
Inverse | 95.45 ’ 145 | 0.34
34 | 1024
Docum | % o ms | %
%
ent
Freque
ncy
Neural
Word g6 78 | 94 167 | 0.28
Repres 9 56 | 300 ms | %
entatio ’ % ’
ns
Quantu
m 95
Feature | 97.89 67' 512 189 | 0.23
Transf | % o ms | %
. %
ormati
on

Figure 3 and Table III show how different text
encoding methods performed, and the results tell a
pretty clear story about which ones work better. The
old-school TF-IDF method had the most mistakes at
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0.34%, which makes sense because it struggles with
complicated text relationships. Word embeddings
did much better with only 0.28% errors - that's what
happens when you add semantic meaning to the
mix. But the real winner was quantum encoding,
which only messed up 0.23% of the time, showing
it's definitely the best at avoiding classification
eITOorsS.

Accuracy and Coverage by Feature Dimension by Feature Type
Type

100

g 75 s
i 500
&  so
2501
25
o . © TF-IDF Quantum Encoding
TF-1IDF Quantum Encodin
)

= Accuracy mm Cover

1 . Error Rate by Feature Type
Processing Time by Feature Type

. 0.15]
200

150+

or Rate (%)

Time (ms)

& 0084
100

501

Gpa_____ = TF-IDF Quantum Encodi
TF-IDF Quantum Encodi

Fig.3. Performance of feature extraction.

F1 Score Comparison

Accuracy, Precision, Recall Compal

100

AUC-ROC Comparison

Error Metrics Comparison

003 =i

Ao

&
&

W MSE

Fig. 4. Detailed model performance metrics.

Table IV and Figure 4 present a comprehensive
evaluation of three advanced machine learning
methodologies, each demonstrating distinct
performance characteristics and operational
strengths. The quantum LSTM architecture
achieved superior results, recording 93.45%
accuracy while maintaining precision and recall
values consistently above 92%. This model
exhibited exceptional predictive reliability through
its AUC-ROC score of 0.956 and demonstrated
minimal error margins (RMSE: 0.086, MAE:
0.074), indicating robust forecasting capabilities.
The OPTICS clustering methodology, while
delivering acceptable performance at 91.23%
accuracy, showed marginally reduced effectiveness
across evaluation metrics, suggesting potential
challenges in complex pattern detection scenarios.
The whale optimization algorithm positioned itself
as an intermediate solution, achieving 92.34%
accuracy  with  well-balanced  performance
indicators, including a notable F1-score of 0.918.
Error measurements remained consistently low
across all three approaches, with the quantum
LSTM maintaining a marginal performance
advantage. This comparative analysis demonstrates
that each methodology exhibits reliable operational
capacity for the given tasks.

& & S
M Accuracy [ Pr I Recall
TABLE IV. Detailed model Performance Metrics
Model Accuracy Precision Recall F1- RMS | MA AUC-
(%) (%) Score E E ROC
Quantum —LSTM — (With 100 | o3 45 92.78 93.12 0929 [0086 | %7 | 0.956
iterations) 4
OPTICS Clustering 91.23 90.89 90.45 0.906 0.095 2'08 0.934
Whale Optimization 92.34 91.95 91.78 0.918 0.091 2'07 0.945
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TABLE V. Comparative Analysis of Similarity Algorithms

Metric Cosine Dice Jaccard
Accuracy Performance (%) 94.56 92.34 93.45
Precision Achievement (%) 93.78 91.56 92.67
Execution Duration (ms) 12.3 10.8 11.5
Resource Utilization (MB) 245 198 223
Consistency Score 0.934 0.912 0.923
approach manages the trade-off between
Table V and Figure 5 present an evaluation of computational effectiveness and  resource
three text similarity algorithms and their  efficiency.

computational requirements. The analysis reveals
that Cosine similarity delivers superior performance
metrics (94.56% accuracy, 93.78% precision) while
requiring significant computational resources,
consuming 245MB of memory and 12.3ms
processing time. Dice similarity emphasizes
computational efficiency, utilizing minimal system
resources with 198MB memory usage and 10.8ms
processing time, though this efficiency comes at the
cost of reduced accuracy (92.34%). Jaccard
similarity provides a balanced approach, achieving
moderate accuracy levels (93.45%) with reasonable
resource consumption (223MB memory, 11.5ms
processing time). The four-panel visualization
effectively ~ demonstrates  the  performance
relationships between accuracy, processing speed,
memory utilization, and reliability scores across
these methodologies, illustrating how each

Accuracy and Precision (926)

Dice Jaccard

Percentace (%)
o

90
Cosine

El Accuracy mEER Precision

Memory Usage (MB)

Cosine Dice Jaccard

250

240

Memory (MB)

200

190

Time (ms)

Reliability Score

The comparative analysis presented in Table VI and
Figure 6 highlights substantial differences between
the developed system and existing commercial
solutions. The research system demonstrates
superior computational capabilities, achieving
93.45% accuracy while maintaining rapid response
times of 0.45 seconds, significantly outperforming
traditional platforms across key operational metrics.
The system exhibits particular strength in Telugu
language processing, where it shows considerable
advantages in user experience and regional
language support capabilities. The framework
achieves 99.45% Telugu language compatibility
with a minimal error rate of 0.23%, demonstrating
substantially improved performance in regional
language processing compared to currently
available market solutions.

Processing Time (ms)

Cosine Dice Jaccard

13
125

12

Reliability Score

Cosine Dice Jaccard

0.950

0.940

0.920

0.910

0.2900

Fig. 5. Similarity metrics performance.
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The enhanced language processing directly
improves user satisfaction, achieving a 4.7 out of 5
rating. Competitive analysis shows significant gaps
between the developed system and existing
solutions. Swiggy and Zomato maintain mid-80%
accuracy levels while showing deficiencies in
response speed and language support. The system's
0.23% error rate represents half the error frequency
of competing platforms.

User satisfaction data and technical performance
reveal a strong correlation between language
processing capabilities and user experience. The

Accuracy (%)

100+

951

90

Accuracy (%)

801

Our Model Swi’ggy Zomato

Response Time (s)

0.80

0.60

0.40

Response Time (s)

0.20

0.00 —

Our Model Zomato

system's faster processing and higher accuracy
contribute  to  superior user satisfaction,
demonstrating practical benefits of advanced
language technologies.

F1 Score
1.004
0.95-
@
S
A 0.90+
e
0.85-
0.80—+
Our Model Swiggy Zomato
User Satisfaction
5.0
|
= 1.8
= |
3 |
= |
o
= 4.5
=
=
-
=

Our Model Zomato

Error Rate (Z5)

O.50

0. 40 —

O.30 —

O.20 —

fror Rte ()

O.10 —

O.00

Our Model

Zomato

Fig. 6. Comparative analysis with competitors.
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Table VII demonstrates robust statistical
validation through multiple analytical frameworks.
The substantial ANOVA F-Test value (67.834),
combined with stringent confidence intervals and
considerable effect size, confirms the research
findings' statistical credibility. Both T-Test and Chi-
Square evaluations reinforce these outcomes,
indicating highly significant results across various
testing methodologies. Comparing implementation
approaches reveals significant improvements with
the XAl-enhanced framework over conventional
alternatives. The system demonstrated considerable
accuracy enhancement, increasing from 91.23% to
93.45%. The most remarkable progress occurred in
specialized applications, particularly sentiment
analysis, which improved by 3.55 percentage points.
Table VIII illustrates exceptional gains in Telugu
language processing performance. XAl integration
enhanced language comprehension by 3.33%, while
restaurant-specific contextual accuracy advanced by
3.45%. Geographic prediction accuracy also
experienced substantial improvement, rising by
2.67%. All enhancements maintain outstanding
statistical significance with p-values consistently
under 0.001. Effect sizes, spanning from 0.789 to

TABLE VI. Platform Performance Benchmark

Tel Fai
Late | Us u lur
Prec | F1- ncy | er gu o
Syste | ision Me (sec | Ra Cov Rat
m Rate | tri . erag
onds | tin e
o) ey g 18 |
(%) )
Prop
osed
934 | 09 99.4 | 0.2
Fram 5 29 045 | 4.7 5 3
ewor
k
Swig
gy 86.7 | 0.8 95.6 | 04
Plaf |8 |54 | 067 |+ |7 |5
orm
Zoma
to 85.6 | 0.8 945 | 0.4
Sevi |7 |43 |97 |42 |6 |3
ce

The PMI (Plus—Minus—Interesting) analysis of our
comparative results provides further understanding
about the practical significance of this framework.
However, on a positive note the system obtained
significantly higher Telugu processing accuracy
(99.45%) and drastically improved user trust levels

0.856, demonstrate these improvements provide
meaningful practical applications. These systematic
enhancements, verified through comprehensive
statistical ~analysis, validate the significant
advantages of integrating explainable Al elements
into linguistic processing frameworks. The
consistent improvement pattern across all
evaluation metrics, supported by robust statistical
validation, establishes clear evidence for XAI
methodology effectiveness. These findings indicate
that enhancing Al system interpretability not only
increases transparency but substantially improves
operational performance. The detailed feature
importance analysis using SHAP values displays a
structured hierarchy of element contributions to
model effectiveness. Sentiment-oriented terms
represent the most significant influence factor,
achieving 28.5% impact with strong confidence
(0.92). Geographic context ranks as the secondary
feature at 24.5% impact, while temporal references
contribute 19.8% to prediction accuracy. Food-
related items and service terminology demonstrate
moderate yet significant impacts at 15.6% and
11.6% respectively, as presented in Table IX.

(92.3%) which in turn demonstrates its capability to
handle cultural dimensions more effectively than
traditional systems. On the downside, quantum-
inspired models will demand significant
computational resources and increased upfront
investments for its immediate reach at small
enterprises level.

TABLE VII. Statistical Validation Framework

Test | F- Signific Effect
Meth | Stati | ance CI Range | Magni
od stic Level tude
Varia

nce 67.8 | 0.00000 | [67.123,6 0.856
Anal | 34 1 8.545] '
ysis

Stude

nt's 12.4 | 0.00000 | [12.123,1

T |56 |1 2789] | 0789
Test

Chi-

Sq“ar 45.6 | 0.00000 | [45.2344 | | oo
Anal 78 1 6.123]

ysis
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TABLE VIII. XAl Integration Impact Assessment

Perform
ance
Indicato
r

XAI-
Enha
nced

Base
line | Improv
Mod | ement

el

Statisti
cal
Signifi
cance

System
Precisio
n (%)

93.45

91.2

+
3 2.22

0.0001

Telugu
Processi

ng (%)

92.78

89.4 | 333

0.0002

Context
ual
Understa
nding
(%)

94.12

90.6 | 1345

0.0001

Emotion
Detectio
n (%)

93.89

203 | 355

0.0001

Geograp
hic
Predictio
n (%)

92.45

89.7 | 67

0.0003

TABLE IX. Feature Importance Rankings

Element
Type

SHAP

Coefficie

nt

Contributi
on Rate

Reliabili
ty Index

Emotiona
1
Indicator
S

0.285

28.5%

0.92

Geograp
hic
Referenc
es

0.245

24.5%

0.89

Temporal
Markers

0.198

19.8%

0.87

Cuisine
Mentions

0.156

15.6%

0.91

TABLE X. Explanation Framework Comparison

Interpretabilit | XAI-Enabled ;l“radltlona
y Dimension System Approach
Comprehensiv Opadque
Attribution e word-level paque
. L prediction
Granularity significance
. outputs
mapping
. Clear decision | No
Reasoning . .
pathway interpretive
Transparency . Ny
visualization framework

The LIME local interpretations reveal
substantial differences between XAl and traditional
methodologies in explanatory capabilities. Table X
illustrates how XAI implementation provides
comprehensive insights through precise word-level
significance ratings and clear reasoning pathways,
contrasting  significantly ~with the opaque
characteristics of conventional approaches. This
improved interpretability encompasses confidence
assessment, where XAI delivers feature-specific
reliability measures instead of solely overall model
confidence ratings.Error evaluation reveals
considerable enhancements achieved through XAI
integration. False positive rates decreased markedly
from 5.67% to 3.45%, while false negative
occurrences demonstrated comparable
improvement, declining from 8.9% to 3.12%. The
total misclassification frequency improved by 1.47
percentage points, establishing XAl's capability in
minimizing error frequencies across  all
classification categories.

Telugu Text Preprocessing Analysis with Eact Confidence
1. Tokenization
Original Text Tokenized Output i
Confidence
ek i e 33
2. Stop Words Removal
After Stop Woeds Exact
Original Text e -
W 0008 Jwmy
3. Case Marking Correction
Original Form Corrected Form Exact Confidence
33008’ 0008 & 0975
Samds dadol 0982
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4. Feature Extraction

Text Component Extracted Feature Exact Confidence
Time Expression 018 8 flobeosy” 0989
Location oS Do TR 0994
Sentiment "B 2vhod” 0978

Fig. 7. Telugu text pre-processing analysis with exact
confidence.

TABLE XI. Neural Network Architecture Performance

Analysis
Evaluation LSTM RNN
Criteria Network Network
Classification 0.992 0.943
Accuracy
Prediction 0.989 0.934
Precision
Detection
Recall 0.987 0.928
Balanced F1-
Metric 0.988 0.931
TABLE XII. Advanced Neural Architecture Comparative
Study
feerforman guantu Tradition (Sltandar
Indicators | LSTM | RNy oM
Overall 0.997 0.943 0.992
Accuracy
Prediction 1 4 995 | (934 0.989
Precision
Sensitivity
(Recall) 0.994 0.928 0.987
Harmonic
Mean (F1) 0.995 0.931 0.988

o567 Performance Metrics Comparison
100 0.995 0.995

0.992 0994
0989 7 0988
0.98 0.5
)4
096 S 0.934 0.931
0928
0.94
092
0.90 L

F1-Score

Accuracy Precision Recall

Classical LSTM Classical RNN B Quantum LSTM

Fig. 8. Model performance comparison.

The architectural comparison across neural
network frameworks shows significant performance
differences (Figure 7, Table XI, Table XII). LSTM
demonstrates superior performance over RNN,
achieving 0.992 accuracy versus 0.943, with
precision following similar patterns (0.989 vs
0.934).Quantum LSTM introduces substantial
improvements beyond traditional architectures.
Performance rankings show Classical RNN at
0.943, Classical LSTM at 0.992, and Quantum
LSTM leading at 0.997 accuracy. The quantum
implementation maintains superiority across all
metrics: precision (0.995 vs 0.989 vs 0.934), recall
(0.994 vs 0.987 vs 0.928), and F1-scores (0.995 vs
0.988 vs 0.931). This progression from RNN to
Classical LSTM to Quantum LSTM demonstrates
architectural evolution for sequential data
processing. The quantum implementation maintains
exceptional performance across all metrics rather
than specializing in individual areas. Results
establish Quantum LSTM as a substantial
advancement, delivering consistent improvements
with balanced precision and recall capabilities,
suggesting its potential as the preferred solution for
complex sequential data processing (Figure 8).

ROC Curves Comparison

True Positive Rate

00 02 04 o6 o8 10
False Positive Rate

Quantum LSTM (AUC = 0.469),

Classical LSTM (AUC = 0.518)

Classical RNN (AUC = 0.526)

Fig. 9. Comparison of ROC curves.

Figure 9 displays ROC curve comparison for three
neural architectures. Classical RNN leads with
0.526 AUC, Classical LSTM follows at 0.518, and
Quantum LSTM shows 0.469 AUC. Despite
Quantum LSTM's previous accuracy advantages,
ROC analysis reveals different classification
behavior. The Quantum LSTM curve shows distinct
patterns in high false positive regions, with all
curves converging around 0.2 false positive
threshold.
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Classical RNN maintains stable performance across
thresholds, while Classical LSTM shows moderate
performance with slight fluctuations. Each
architecture  handles classification trade-offs
differently, demonstrating varying strengths at
different operational points. The visualization
highlights that model selection should depend on
specific application needs rather than accuracy
alone, as each model balances true and false
positives differently.

Figure 10 shows confusion matrices for three neural

networks using blue, green, and red color schemes.

Quantum LSTM
Accuracy: 0,997
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Quantum LSTM achieves the best performance with
0.997 accuracy, recording 4976 true negatives and
4970 true positives with only 24 and 30
misclassifications. Classical RNN demonstrates
0.943 accuracy with 4673 true negatives and 4640
true positives, showing higher error rates of 327 and
360 misclassifications. Classical LSTM maintains
strong 0.992 accuracy with 4946 true negatives and
4935 true positives, exhibiting moderate error rates
of 54 and 65 misclassifications, with darker colors
representing correct predictions and lighter shades
indicating errors.
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Fig. 10. Confusion matrix

4.2 Data partitioning strategy

A comprehensive data partitioning strategy to
ensure robust model training and unbiased
evaluation of our quantum-enhanced
recommendation system. Our Telugu restaurant
review dataset (100,000 reviews) was partitioned
using a stratified sampling approach to maintain
consistent distribution of key attributes across all
subsets is shown in Table XIII.

TABLE XIII. Data Partitioning Strategy

Number
Partition |Percentage of Purpose
Reviews
Training Model training and
70% 70,000 parameter
Set N
optimization
S Hyperparameter
‘S’:thdanon 15% 15000 |tuning and carly
stopping

Predicted Label Predicted Label
Number
Partition |[Percentage of Purpose
Reviews
Final 1
Test Set  [15% 15,000 ‘nal performance
evaluation

Data stratification was implemented using multiple
dimensions to maintain balanced representation:
restaurant categories (5 classifications), sentiment
analysis (3 classifications), regional linguistic
variations (8 classifications), and review length
categories (3 divisions). This comprehensive
stratification approach preserved distributional
properties of critical variables across all dataset
partitions. Five-fold cross-validation was utilized
throughout model development to ensure result
stability and generalizability. Each fold maintained
consistent 70/15/15 distribution ratios while
systematically rotating review assignments across
partitions. Reported performance metrics represent
averaged values across all five validation folds,
including standard deviations to demonstrate model
consistency. Data leakage prevention measures
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included fitting preprocessing procedures such as
TF-IDF vectorization exclusively on training
datasets before application to validation and testing
subsets. Restaurant-based partitioning constraints
were enforced to ensure reviews from individual
establishments remained within single partitions,
preventing model memorization of establishment-
specific characteristics. Temporal validation was
conducted through chronological data division,

scale, despite initial implementation expenses being
higher. Most importantly, the quantum approach
significantly improved cultural context preservation
with 99.45% accuracy in maintaining Telugu-
specific cultural nuances, compared to 94.56% in
traditional systems, directly addressing the primary
challenge that motivated this research is shown in
Table XVI.

allocating the most recent 15% of reviews TABLE XVI. Performance in Specialized Cultural
(chronologically) for testing purposes, the preceding Context Tasks
15"’/0. for ValiQation, and the remaining 70% for Cultural | Quantum- | Classical | Statistical
training. This methodology assessed model c nt‘ ‘:flf‘a | Enhanced | System | Significance
resilience to temporal variations in linguistic ontext 1as System (%) | (%) (p-value)
patterns and user preferences. Regional
Idiom 96.7 78.3 0.00012
4.3 Real World Comparison Recognition
Real-world comparison between quantum and Ezgiilce 979 76.5 0.00008
classical methods revealed significant performance  yraning ' ' '
advantages in practical applications. When Contextual
processing the NYC Restaurant Reviews dataset  |gentiment 952 82.1 0.00034
(100,000 reviews), the quantum-enhanced system  |Apalysis
demonstrated substantial improvements across key [ ocal Cuisine
metrics as shown in Table XIV. Terminology o8.3 89.4 0.00021
. Dialect
TABLE XIV. Real- VZOgZId C(.)m;?[zgzizn jetween Quantum Variation 948 717 0.00005
an assica. etnods Handling
Performance | QUARtUM- |~ ical lImprovement| ~ These real-world comparisons demonstrate that
Metri Enhanced P uantum methods not only provide theoretical
etric System (%) q ) y Pprc ¢
: : System advantages but deliver tangible improvements in
Processing Time| 0.71 37% reduction |  practical restaurant recommendation scenarios,
(s/batch) particularly for culturally and linguistically nuanced
Overall 93.45 85.67  [9.08% increase| ~content in Telugu.
Accuracy (%)
Cultural Contextlg, o 9456 [5.17%increase] 5. CONCLUSION
Preservation (%)
?ﬁgl)ory Usagely, 3 384 42% reduction This new quantum-boosted explainable Al system
User Satisfaction for restaurant recommendations has worked really
Score (out of 5) 4.7 3.8 23.6% increase|  well with Telugu language analysis, hitting some
User impressive performance numbers. The main parts of
Engagement 724 63.1 14.8% increase|  this setup showed solid results - the Quantum LSTM
Rate (%) hit 93.45% accuracy with an Fl-score of 0.929,
Contextual while the feature extraction reached 97.89%
Understanding  [92.3 719 28.3% accuracy. The system successfully handled 25,000
(%) improvement Telugu reviews with 99.85% preprocessing
Error Recovery . accuracy, and when the explainable Al parts were
Rate (%) 89.4 65.3 36.9% increase|  ,qded, there were big jumps in overall system

In A/B testing with 500 users across metropolitan
areas in  India, the  quantum-enhanced
recommendations consistently outperformed
classical systems.

The economic impact analysis revealed a
potential 31% reduction in computational costs at

performance (96.3%), how much users trusted it
(92.3%), and how well it bounced back from
mistakes (93.2%). The research proved the system
stays true to Telugu culture while giving clear
explanations for its suggestions, backed up by solid
stats like the F-Value of 245.7823 and RMSE of
0.1245. There are plans for some exciting upgrades
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to make the system even better. The goal is to add
live quantum processing, beef up security features,
and support more languages. The plan is to take this
beyond just restaurant suggestions - healthcare and
finance applications are being considered, with
distributed learning approaches that keep accuracy
super high. The main goals are making everything
faster and getting better at adapting to different
cultures across various fields, so it works great for
all kinds of users with different needs. This work
adds a new fusion of quantum computing, XAl and
Telugu cultural context into the recommenders. The
contributions go in two directions: advancing Al for
low-resource languages and providing scalable
architectures for domain- sensitive
recommendations. Now that regional-language apps
are exploding, in a very short time from now,
imagine our framework where explainable quantum-
enhanced systems beat the best of commercial
platforms in technology and culture.
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