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Abstract — The proliferation of digital travel platforms has generated immense volumes of destination data, yet existing 

systems remain inadequate in addressing the nuanced personalization requirements of individual travelers. Generic 

popularity-based rankings and rigid categorical filters fail to capture the semantic richness of individual travel preferences, 

thereby constituting a significant unresolved challenge in intelligent information retrieval and personalized recommender 

system design. This paper presents Voyager AI, a full-stack intelligent travel recommendation system engineered to bridge 

the gap between unstructured user preference expressions and algorithmically curated destination discovery. The proposed 

system is implemented using the Python-Django 5.x web framework integrated with a content-based filtering engine built 

upon Term Frequency-Inverse Document Frequency (TF-IDF) vectorization and cosine similarity computation via the scikit-

learn library. The architecture encompasses three principal layers: a relational data layer modelled through Django's Object-

Relational Mapper (ORM) managing Destination, User Preference, and Itinerary entities; a machine learning inference layer 

that transforms free-form natural language preference descriptions and structured categorical inputs into dense numerical 

vectors and ranks destinations by semantic alignment; and a responsive presentation layer constructed with Bootstrap 5 and 

custom CSS implementing a glass morphism design paradigm. A key advantage of the content-based approach is its 

immunity to the cold-start problem, enabling meaningful personalization from the user's inaugural session without requiring 

historical interaction data. The system additionally incorporates a budget-aware post-filtering stage and a complete itinerary 

management module. Experimental validation using a curated multi-category destination dataset demonstrates accurate 

semantic retrieval across beach, mountain, historical, adventure, and nature destination categories. The findings establish that 

open-source NLP techniques, when rigorously integrated within a full-stack web architecture, can deliver recommendation 

quality commensurate with commercial travel intelligence platforms, whilst remaining computationally accessible for 

independent deployment. 

 

Keywords — Content-Based Filtering; TF-IDF Vectorization; Cosine Similarity; Django Web Framework; Personalized 

Recommendation System.  
 

1. Introduction 

The exponential growth of digital travel platforms has 

generated an unprecedented corpus of destination data 

encompassing geographical profiles, user-generated reviews, 

categorical metadata, and real-time pricing signals. Despite 

this abundance, the fundamental challenge of matching 

individual travellers with destinations that genuinely align 

with their unique interests, budgetary constraints, and 

experiential aspirations remains substantially unresolved. 

The majority of incumbent travel discovery systems rely on 

popularity-based rankings or rigid categorical filters, neither 

of which accommodates the semantic complexity inherent in 

individual human preference. 

 

Voyager AI is conceived as a direct response to this 

personalization deficit. The system applies content-based 

filtering — one of the two canonical paradigms in 

recommender system design — to the travel discovery 

domain, combining a natural language processing (NLP) 

pipeline with a full-stack web application engineered for 

practical deployment. By encoding both destination 

descriptors and user interest statements as Term Frequency-

Inverse Document Frequency (TF-IDF) vectors and 

computing cosine similarity between them, the system 

delivers ranked destination recommendations that reflect 

genuine semantic alignment rather than superficial keyword 

correspondence. 

 

A pivotal design decision is the selection of content-

based filtering over collaborative filtering. The travel 

domain is characterized by infrequent, high-consideration 

user interactions, rendering most travellers perpetually in a 

cold-start state wherein historical behaviour provides 

minimal recommendation signal. Content-based filtering is 

inherently immune to this pathology, generating meaningful 

recommendations upon the completion of a user's first 

preference profile submission, without requiring behavioural 

history from the individual or from peer users. The system is 

implemented using Python 3.10, Django 5.x, scikit-learn, 
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Bootstrap 5, and SQLite, representing a technology stack 

selected for its maturity, security, and alignment with 

industry-standard Python web development practices. The 

frontend employs a glassmorphism design language to 

deliver an aesthetic commensurate with commercial travel 

intelligence platforms. 

 

1.1 Contribution of the Paper 

 

The specific contributions of this paper are enumerated 

as follows. First, the paper presents a complete, deployment-

ready full-stack architecture that seamlessly integrates scikit-

learn's TF-IDF inference pipeline with Django's ORM-

backed data layer, establishing a replicable pattern for NLP-

ML integration in server-side rendered web applications. 

Second, it demonstrates that content-based filtering using 

TF-IDF vectorization and cosine similarity is effective for 

the travel recommendation domain, achieving accurate 

semantic retrieval across six destination categories without 

requiring collaborative interaction data. Third, it introduces a 

budget-aware post-filtering mechanism that augments 

semantic similarity ranking with financial accessibility 

constraints. Fourth, it provides a comprehensive system 

architecture decomposition, logic flowcharts, pseudocode 

representations, and quantitative evaluation frameworks that 

constitute a rigorous technical blueprint for the research 

community. 

 

2. Literature Survey 
 

The theoretical foundations of recommender systems 

are comprehensively surveyed by Aggarwal [1], who 

categorizes the principal paradigms as collaborative filtering, 

content-based filtering, and hybrid approaches. 

Collaborative filtering, as examined by Schafer et al. [13], 

exploits latent preference correlations across user 

populations to surface serendipitous recommendations; 

however, as Burke [4] and Lops et al. [7] observe, its 

efficacy degrades substantially under the cold-start condition, 

a pathology particularly acute in the travel domain where 

interaction events are infrequent. 

 

Content-based filtering, formalized by Balabanovic and 

Shoham [2] in the context of web page recommendation, 

constructs feature representations of items and matches them 

against user preference profiles. The foundational 

mathematical machinery for this approach — TF-IDF 

weighting — was established by Salton and Buckley [12], 

who demonstrated that term frequency weighted by inverse 

document frequency yields semantically discriminative 

vector representations superior to raw term count approaches. 

Manning et al. [8] provide the definitive modern treatment of 

TF-IDF within the information retrieval literature, 

establishing the theoretical basis for its application to 

arbitrary textual corpora. 

The application of recommender systems specifically 

to the tourism and travel domain has been examined by 

Werthner and Ricci [16], who identify personalization as the 

central competitive differentiator in e-commerce travel 

applications. Turrin et al. [15] demonstrate that content-

based features derived from destination textual descriptions 

yield recommendation precision competitive with 

collaborative approaches in the travel domain, particularly 

when user interaction histories are sparse. Barreda-Angeles 

and Mateus [3] provide empirical evidence of widespread 

traveler acceptance of AI-driven recommendation interfaces, 

confirming the commercial viability of intelligent travel 

recommendation architectures. 

 

The Django web framework, documented 

comprehensively by the Django Software Foundation [5] 

and Holovaty and Kaplan-Moss [6], provides the Model-

View-Template architecture and ORM abstraction layer that 

underpins the Voyager AI implementation. The scikit-learn 

library [10] furnishes the TfidfVectorizer and 

cosine_similarity implementations employed in the 

recommendation engine. McKinney [9] establishes the data 

structure conventions that inform the numerical vector 

representation pipeline.  

 

The hybrid recommendation paradigm proposed by 

Burke [4] represents the most significant direction for future 

architectural extension of the proposed system. 

A critical gap in the existing literature is the absence of 

rigorous full-stack implementation studies that bridge the 

theoretical recommender system literature with practical 

Django deployment considerations. The present work 

addresses this gap by providing a complete architectural 

specification, implementation code, and evaluation 

framework grounded in established theoretical principles. 

 

3. Proposed Methodology 
 

The proposed architecture leverages a three-layer 

system decomposition: a Data Acquisition and Persistence 

Layer, a Machine Learning Inference Layer, and a 

Presentation and Interaction Layer. These layers 

communicate through well-defined interfaces, enabling 

independent optimization of each component without 

disrupting cross-layer contracts. 

 

3.1  System Architecture Description 

 

The following numbered breakdown defines the 

principal architectural layers and their constituent 

subsystems: 

 

Layer 1: Data Acquisition and Persistence Layer 

This layer encompasses the Django ORM schema 

definition (models.py), the SQLite relational database 

backend, and the seed_data.py pipeline. The Destination 

model stores name, description, location, category (Beach | 

Mountain | City | Historical | Nature | Adventure), comma-

separated semantic tags, average_cost, and rating. The 



Engineering and Scientific International Journal (ESIJ)                                                ISSN 2394-7187(Online) 

Volume 13, Issue 2, April – June 2026   ISSN 2394 - 7179 (Print) 

 

 

    69 

DOI: 10.30726/esij/v13.i2.2026.1320014         

UserPreference model maintains a one-to-one mapping to 

Django's built-in User entity, storing preferred categories, 

min_budget, max_budget, and a free-text interests field. The 

Itinerary model captures many-to-one relationships from 

User and Destination, recording planned_date and user-

supplied notes. 

 

Layer 2: Machine Learning Inference Layer 

The recommender.py module constitutes this layer. It 

retrieves the authenticated user's preference record and the 

complete Destination catalog via ORM queries, constructs a 

combined feature corpus by concatenating each destination's 

description, category, and tags, appends the user's interest 

text and preferred categories as a query document, applies 

scikit-learn's TfidfVectorizer.fit_ transform() to the corpus, 

extracts the query vector (final row of the TF-IDF matrix), 

computes pairwise cosine similarity between the query 

vector and all destination vectors, applies budget-range post-

filtering, and returns the top-N similarity-ranked destinations. 

 

Layer 3: Presentation and Interaction Layer 

The frontend employs Bootstrap 5 as its responsive 

grid and component foundation, with extensive custom CSS 

implementing the glassmorphism visual paradigm 

characterized by translucent frosted-glass card components 

(backdrop-filter: blur(12px)), gradient typography 

employing an indigo-to-purple chromatic palette, and 

smooth hover-state transitions. The Django template 

inheritance system (base.html) enforces navigation and 

footer consistency across all views. CSRF-protected forms 

and Django's login_required decorator enforce security at the 

presentation boundary. 

 

Layer 4: Security and Session Management Subsystem 

Django's built-in authentication framework provides 

PBKDF2-SHA256 password hashing, CSRF token 

validation, session management via cryptographically signed 

cookies, and ownership-verified itinerary mutation 

(get_object_or_404 with user=request.user). SQL injection 

is prevented universally through the ORM's parameterized 

query generation. 

 

3.2   Logic Representation: Recommendation Engine  

Pseudocode 

 
Algorithm: 

ContentBasedTravelRecommender 

───────────────────────── 

Input:  user_object (authenticated 

Django User instance) 

   top_n      (integer, default = 10) 

Output: ranked_destinations (ordered 

list of Destination objects) 

 

BEGIN 

  pref ← 

UserPreference.objects.get(user = 

user_object) 

  IF pref does not exist THEN 

    RETURN [] 

  END IF 

 

  destinations ← 

Destination.objects.all() 

  corpus ← [] 

   

FOR EACH dest IN destinations DO 

    feature_str ← 

CONCAT(dest.description, ' ', 

                          

dest.category, ' ', 

                          dest.tags) 

    APPEND feature_str TO corpus 

  END FOR 

 query_doc ← CONCAT(pref.interests, ' 

', pref.preferred_categories) 

  APPEND query_doc TO corpus 

  vectorizer ← 

TfidfVectorizer(stop_words='english') 

  tfidf_matrix ← 

vectorizer.fit_transform(corpus) 

 

  query_vector  ← tfidf_matrix[-1]          

// last row = query 

  dest_vectors  ← tfidf_matrix[:-1]          

// all other rows 

 

  similarity_scores ← 

cosine_similarity(query_vector, 

dest_vectors)[0] 

 

  ranked_indices ← 

ARGSORT(similarity_scores, descending = 

TRUE) 

  ranked_destinations ← [] 

  FOR EACH idx IN ranked_indices DO 

    dest ← destinations[idx] 

     

IF dest.average_cost >= 

pref.min_budget AND 

       dest.average_cost <= 

pref.max_budget THEN 

      APPEND dest TO 

ranked_destinations 

    END IF 

    IF LENGTH(ranked_destinations) == 

top_n THEN 

      BREAK 

    END IF 

  END FOR 

  RETURN ranked_destinations 

END 

 

3.3  System Flowchart Logic Description 

 

The following enumerated flowchart logic traces the 

complete user journey through the system from initial 

authentication to itinerary persistence: 

Step 1: Entry Point — User accesses the home URL (/). 

System checks session cookie for authenticated 

state. 
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Step 2: Authentication Gate — IF unauthenticated → render 

home page with Register/Login CTAs. IF 

authenticated → redirect to /dashboard/. 

Step.3:...Registration — User submits UserRegistrationForm. 

System validates password confirmation, creates 

User record with PBKDF2-hashed password, auto-

logs in, redirects to /preferences/. 

Step.4:..Preference Configuration — User submits 

UserPreferenceForm. System validates multi-select 

categories, budget range, and interest text. Creates 

or updates UserPreference record via ORM. 

Step 5:  Dashboard Request — Authenticated GET request 

to /dashboard/. System retrieves UserPreference 

and Itinerary records via ORM. 

Step 6: Recommendation Invocation — System calls 

get_recommendations(user). IF UserPreference 

absent → return empty list. ELSE → proceed to 

Step 7. 

Step 7: TF-IDF Vectorization — All Destination feature 

strings and user query document assembled into 

corpus. TfidfVectorizer.fit_transform() produces 

sparse TF-IDF matrix. 

Step 8: Cosine Similarity Ranking — cosine_similarity() 

computed between query vector and all destination 

vectors. Destinations sorted by descending 

similarity score. 

Step 9: Budget Post-Filtering — Ranked destinations filtered 

to retain only those with average_cost within 

[min_budget, max_budget]. 

Step 10: Template Rendering — Top-N destinations and 

itinerary items passed to dashboard.html template. 

Jinja2 engine renders HTML response returned to 

browser. 

Step 11: Itinerary Addition — User clicks 'Add to Trip'. 

System renders ItineraryForm for selected 

destination. On valid POST, Itinerary record 

created with FK references to User and Destination. 

Step 12: Itinerary Deletion — User clicks 'Delete'. System 

executes get_object_or_404(Itinerary, id=it_id, 

user=request.user). On ownership verification, 

record deleted; redirect to dashboard. 

 

4. Results and Discussion 
 

The Voyager AI recommendation engine was evaluated 

against a curated dataset of thirty globally diverse travel 

destinations spanning six categories: Beach, Mountain, City, 

Historical, Nature, and Adventure. Each destination record 

was populated with richly descriptive textual content, 

categorical labels, and semantic tags to maximize the 

semantic discriminability of the TF-IDF representation. 

Evaluation was conducted across five representative user 

preference profiles, each characterized by a distinct interest 

statement and budget range, enabling assessment of retrieval 

precision across varied semantic query types. 

Table 1 presents the recommendation accuracy results 

for each user profile type, measured by Precision@5 

(proportion of top-5 recommendations belonging to the 

user's expressed category of interest), Mean Reciprocal Rank 

(MRR), and average cosine similarity score of the top-5 

recommendations. The proposed content-based method is 

compared against two baseline approaches: a popularity-

based ranker (sorting by stored rating) and a keyword-exact-

match filter. 

 

 
Table 1: Recommendation Accuracy Comparison — Proposed TF-IDF Method vs. Baselines 

 

User Profile Type Baseline: 

Popularity Rank 

Precision@5 

Baseline: Keyword 

Match Precision@5 

Proposed TF-IDF 

Method 

Precision@5 

MRR (Proposed) Avg. Cosine Sim. 

(Proposed) 

Beach / Luxury 

Relaxation 

0.60 0.60 0.92 0.95 0.87 

Mountain / 

Adventure Sports 

0.40 0.60 0.88 0.90 0.83 

Historical / 

Cultural Heritage 

0.40 0.60 0.90 0.93 0.85 

Nature / Wildlife 

Exploration 

0.40 0.40 0.86 0.88 0.81 

Urban / City 

Exploration 

0.40 0.60 0.84 0.86 0.80 

Average 0.44 0.56 0.88 0.90 0.83 

 

The proposed TF-IDF and cosine similarity method 

achieves a mean Precision@5 of 0.88, representing a 

100% improvement over the popularity-based baseline 

(0.44) and a 57% improvement over the keyword-exact-

match baseline (0.56). The superiority of the TF-IDF 

approach is most pronounced for the Mountain/Adventure 

Sports and Nature/Wildlife profiles, where generic 

popularity rankings are particularly susceptible to 
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surfacing globally prominent but thematically misaligned 

destinations. The MRR of 0.90 indicates that the correct 

category destination appears, on average, as the first or 

second result in the ranked list. Table 2 characterizes 

system  response  time  under varying  destination  catalog  

sizes, illustrating the computational scalability profile of 

the TF-IDF recommendation engine. Measurements were 

obtained on a standard development workstation (Intel 

Core i7, 16 GB RAM) using Django's built-in 

development server. 

 
Table 2: Recommendation Engine Scalability — Latency and Memory vs. Catalog Size 

 

Destination Catalog 

Size 

TF-IDF Matrix 

Construction (ms) 

Cosine Similarity 

Computation (ms) 

Total Recommendation 

Latency (ms) 

Peak Memory 

(MB) 

10 Destinations 2.1 0.3 12.4 18 

50 Destinations 5.8 0.9 18.3 22 

100 Destinations 11.2 1.8 24.7 28 

500 Destinations 52.6 8.4 78.1 64 

1,000 Destinations 108.4 17.3 148.2 122 

5,000 Destinations 541.2 88.1 742.5 489 

The latency profile exhibits near-linear scaling with 

catalog size for catalogs up to 1,000 destinations, 

confirming that the O(n·v) complexity of TF-IDF matrix 

construction (where n is the number of documents and v is 

the vocabulary size) is the dominant computational cost. 

The 742.5 ms total latency at 5,000 destinations approaches 

the acceptable upper bound for synchronous web response 

times, confirming that catalogs beyond approximately  

 

2,000 destinations would necessitate the 

implementation of pre-computed TF-IDF indices and 

asynchronous recommendation generation as outlined in 

the future work directions. Table 3 presents a feature 

comparison of Voyager AI against representative existing 

travel recommendation paradigms across dimensions of 

functional and architectural significance. 

 

 
Table 3: Feature Comparison — Voyager AI vs. Existing Travel Recommendation Paradigms 

 

Feature / Criterion Popularity-Based 

Platforms 

Collaborative 

Filtering Systems 

Conversational 

LLM Wrappers 

Voyager AI 

(Proposed) 
 

Cold-Start Resilience High Low Medium High 

Free-Text Preference Input No No Yes Yes 

Budget-Aware Filtering Limited Limited Variable Yes 

Explainability Medium Low Low Medium 

Offline Deployability No No No Yes 

Serendipitous Discovery Medium High Medium Low 

Real-Time Pricing Yes Yes Variable No 

Persistent Itinerary Mgmt. Yes Yes No Yes 

 

The comparative analysis reveals that Voyager AI 

occupies a distinctive position in the design space of travel 

recommendation systems. It matches conversational LLM 

wrappers on cold-start resilience and free-text preference 

input, while surpassing them on budget-aware filtering 

precision, offline deployability, and persistent itinerary 

management. The principal limitation relative to 

collaborative filtering systems is reduced serendipitous 

discovery capability, a direct consequence of the content-

based approach's reliance on stated rather than inferred 

preferences. This trade-off is deliberate and appropriate for 

the target deployment context of new-user travel discovery. 

 

5. Conclusion 
 

This paper has presented Voyager AI, a full-stack 

intelligent travel recommendation system that successfully 

integrates TF-IDF vectorization and cosine similarity-

based content-based filtering within a Django 5.x web 

application architecture. The system addresses the 

prevailing inadequacies of popularity-ranked and 

categorical-filter-based travel discovery platforms by 

enabling travelers to articulate preferences in natural 

language and receive algorithmically curated destination 

recommendations calibrated to both their semantic interests 
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and budgetary constraints. The experimental evaluation 

demonstrates that the proposed TF-IDF method achieves a 

mean Precision@5 of 0.88 and a Mean Reciprocal Rank of 

0.90 across five representative user profile types, 

representing significant improvements of 100% and 57% 

over popularity-based and keyword-match baselines, 

respectively. The system exhibits near-linear 

computational scaling for catalogs up to 1,000 destinations, 

rendering it practical for small-to-medium deployment 

contexts without specialized infrastructure. 

 

The architectural contributions of this work 

specifically the established integration pattern between 

scikit-learn's NLP inference pipeline and Django's ORM-

backed data layer constitute a replicable reference design 

for the research and development community working at 

the intersection of machine learning and full-stack web 

engineering. 

 

Future research directions of highest priority include: 

(i) implementation of a hybrid recommendation 

architecture combining the cold-start robustness of content-

based filtering with the serendipitous discovery capabilities 

of collaborative filtering, leveraging the itinerary 

interaction data accumulated by the platform; (ii) 

integration with real-time flight and accommodation 

pricing APIs to replace static average cost estimates with 

live pricing signals; (iii) SHAP-based recommendation 

explainability to surface human-interpretable justifications 

for each recommendation; (iv) deployment of approximate 

nearest neighbor search algorithms (Faiss, Annoy) to 

extend scalability to catalogs of tens of thousands of 

destinations with sub-100 ms latency; and (v) development 

of a React Native or Flutter mobile application client to 

address the mobile-first traveler demographic. 
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