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 This study proposes an itinerary recommendation model based on Case-Based 

Reasoning (CBR), enhanced with an auto-revise mechanism and multi-cluster 

modeling using the DBSCAN algorithm. The model is developed from four 

primary data sources: historical travel cases, visit statistics, social media 

reviews, and contextual data. The auto-revise mechanism is activated when 

case similarity falls below 0.95, allowing solution adjustments based on six 

feature subsets: spatial, categorical, attraction, destination type, popularity, 

and visitor segmentation. Evaluation was conducted through 5-fold cross-

validation and new-case testing, yielding F1-scores of 92.60% and 90.29%, 

respectively, while ranking performance remained consistently high across 

both evaluation scenarios. The model also demonstrated improvements in 

recommendation quality metrics, including novelty, diversity, and serendipity, 

alongside a reduction in average response latency from 25.53 ms to 20.09 ms. 

These results indicate that the proposed integrative CBR auto-revise approach, 

supported by contextual data and multi-cluster structuring, provides an 

adaptive and efficient itinerary recommendation framework suitable for real-

time decision-support scenarios. 
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1. INTRODUCTION  

Tourism has emerged as one of the most dynamic and fastest-growing sectors globally, significantly 

contributing to economic development in both developed and developing countries. In Indonesia, the tourism 

sector has been strategically positioned as a central pillar of national economic transformation, offering a viable 

alternative to stagnating industrial and agricultural growth [1]–[4]. The increasing relevance of tourism in 

national policy aligns with broader global trends that emphasize sustainable and innovation-driven economic 

models [5]–[7]. 

The advent of digital technologies, propelled by the Fourth Industrial Revolution, has profoundly 

transformed tourism management practices. Through the integration of online systems and digital platforms, 

stakeholders can streamline operations, promote destinations, and engage tourists in more interactive ways [8]–

[10] Nevertheless, the exponential growth of digital content and online services has also introduced the problem 

of information overload, whereby tourists face difficulties in selecting relevant and personalized information 

amidst an overwhelming array of options [11]–[13]. 

To address this challenge, recommender systems (RSs) have been widely adopted to deliver tailored 

suggestions based on user preferences, behavior patterns, and contextual factors [14]–[19]. Within tourism, the 

demand has shifted from generic recommendations to personalized, measurable, and context-aware itinerary 

planning, which adapts dynamically to user needs and situational variables such as time, location, and 

environmental conditions [20]–[23]. Despite the effectiveness of collaborative filtering, content-based 
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filtering, and hybrid approaches, existing RSs often struggle with cold-start issues, sparse data, and low levels 

of serendipity [24]–[26]. 

Case-Based Reasoning (CBR) has been proposed as a promising alternative that emulates human 

problem-solving by reusing solutions from similar past cases [27]. This approach has shown notable success 

in various domains, including tourism, especially in environments characterized by limited feedback data and 

highly individualized user profiles [28]. However, conventional CBR methods rely heavily on the similarity 

between new and historical cases, which can limit their performance in dynamic and context-sensitive 

scenarios. To enhance adaptability, several studies have introduced auto-revise mechanisms that dynamically 

adapt retrieved solutions using external contextual information, such as weather, travel season, and traveler 

segmentation [15], [29]. 

Moreover, producing accurate and relevant recommendations requires integrating multiple data 

sources beyond historical user interactions. The inclusion of heterogeneous data—such as visitor statistics, 

social media reviews, and contextual attributes like temporal patterns and environmental conditions—has 

proven crucial for improving the precision and relevance of tourism recommender systems [30]–[32]. 

This study addresses the aforementioned limitations by proposing a context-aware tourism itinerary 

recommender system based on CBR, enhanced with an auto-revise mechanism. The system automatically 

refines recommendations using a collaborative, multi-dataset clustering approach, enabling it to deliver 

adaptive, real-time, and contextually relevant suggestions. 

The CBR methodology, as formalized by Aamodt and Plaza [27], comprises four sequential stages: 

retrieve, reuse, revise, and retain. In the context of recommendation systems, this framework allows for 

personalized matching of new user profiles with historical cases stored in the case base. CBR has demonstrated 

notable strengths in travel planning scenarios, offering a flexible mechanism to generate tailored itineraries 

even with limited input data [33], [34]. However, when similarity metrics fail to retrieve adequate cases, rule-

based filters and feature-based similarity measures (e.g., Jaccard Index) combined with contextual reasoning 

can improve recommendation outcomes [33], [35]. 

Parallel advancements in context-aware recommender systems (CARS) emphasize the importance of 

integrating spatial, temporal, and social context to augment system responsiveness and relevance. In tourism, 

CARS have utilized mobile sensing, user segmentation, and environmental data to deliver real-time 

recommendations that align with shifting user needs and contextual dynamics[35]–[38]. 

In support of this framework, clustering techniques—particularly Density-Based Spatial Clustering 

of Applications with Noise (DBSCAN)—have been widely employed to uncover latent patterns within tourism 

data. DBSCAN’s ability to identify arbitrarily shaped clusters and handle noise without requiring the number 

of clusters to be predefined makes it particularly suitable for complex tourism datasets [31], [39]–[41]. The 

algorithm has been successfully applied in destination profiling, visitor segmentation, and context-based 

filtering. 

To support itinerary generation, spatial reasoning models are essential for calculating travel 

feasibility. The Haversine formula is frequently used to estimate geodesic distances between coordinates, 

enabling the system to construct efficient and realistic travel paths under time or activity constraints [9]. 

Visualization tools such as Matplotlib and Folium provide intuitive, map-based interfaces that enhance user 

comprehension and interaction with generated itineraries. 

In summary, although prior studies have explored Case-Based Reasoning, context-aware 

recommendation, clustering techniques, and spatial routing models independently, existing approaches 

typically address these components in isolation. In particular, there is a lack of a unified framework that jointly 

integrates cluster-enriched case retrieval, context-driven auto-revision mechanisms, and route feasibility 

assessment under dynamic contextual constraints such as weather, while simultaneously providing explicit 

evaluation in terms of recommendation quality and computational latency. This gap limits the ability of existing 

systems to deliver adaptive, interpretable, and real-time itinerary recommendations in practical tourism 

decision-support scenarios. 

The main contributions of this study are summarized as follows by addressing key limitations in 

adaptive itinerary recommendation, particularly low case similarity, contextual dynamics, and real-time system 

responsiveness: (1) A cluster-enriched Case-Based Reasoning framework that organizes historical travel cases 

using DBSCAN-based multi-clustering to enhance case retrieval robustness under sparse or low-similarity 

conditions; (2) An auto-revise mechanism for adaptive itinerary recommendation, which dynamically adjusts 

retrieved solutions when similarity falls below a predefined threshold by leveraging multiple feature subsets 

and contextual information; (3) A threshold-driven revision analysis, which examines system behavior under 

varying similarity conditions to support adaptive recommendation while maintaining interpretability; and (4) 

A real-time performance characterization, including explicit latency measurement and recommendation quality 

evaluation, demonstrating the feasibility of the proposed approach for practical decision-support scenarios in 

smart tourism applications. 
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2. PROPOSED METHOD 

This research proposes a novel contextual and personalized itinerary recommendation model that 

integrates the CBR framework with an automatic revision mechanism (auto-revise) and is further enhanced 

through density-based spatial clustering to construct a structured and semantically enriched destination 

knowledge base. The model is specifically designed to address key challenges in travel itinerary 

recommendation, particularly the need for adaptability in response to dynamic user preferences and varying 

contextual conditions. 

 

 

Figure 1. Architecture of the proposed CBR-based itinerary recommendation system 

 

The architecture is organized into the four main phases of the CBR cycle: (1) Retrieve: matching a 

new case with historical cases from the knowledge base; (2) Reuse: directly reusing the itinerary from the most 

similar case if similarity is above a threshold; (3) Revise: activating the auto-revise module to adapt the 

recommendation when similarity is below the threshold, incorporating contextual data and clustering-based 

knowledge; and (4) Retain: storing the new case and its itinerary into the case base for future use when 

similarity is very low. The auto-revise module and the multiclustering-based knowledge base are integrated 

components within the Revise phase. 

The model adopts the classical four-phase CBR cycle with two critical enhancements, the inclusion 

of a context-aware auto-revise module and the incorporation of multiclustering as a preprocessing stage. The 

overall architecture is illustrated in Figure 1, where the CBR workflow is augmented by an adaptive revision 

layer. When no sufficiently similar past case is found during the reuse phase, the auto-revise module is triggered 

to adjust the candidate recommendations based on contextual and user-specific constraints. 

 

2.1 Case representation 

Table 1. Case representation structure 

Feature Description / Input Type 

Tourist Type Domestic or international tourist 

Origin City or country of origin 

Age Age in years 

Sex Male or female 

Category Travel type: personal, couple, family, or group 

Duration Planned duration of travel in days 

Time Preferred travel time (e.g., month and year) 

Types Desired type of tourist destination (e.g., beach, agro-tourism, village) 

Attraction Preferred available attractions (e.g., swimming, farming, relaxing) 

Start Location (GPS) User's starting location (latitude and longitude) 

Itinerary (Solution) Predicted recommended itinerary 

 

Each case is represented as a feature vector that encapsulates both tourist preferences and visit context. 

The preference-related features include tourist type (domestic or international), origin, age, gender, travel 
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category (personal, family, or group), preferred attraction types, and favored activities. In parallel, the 

contextual features comprise visit duration, time of visit (month and year), and the geographic coordinates of 

the departure point. The overall case representation structure is summarized in Table 1. 

Social media data in this study are derived from Google Reviews and processed quantitatively rather 

than through textual sentiment analysis. Specifically, numerical rating scores (on a 1--5 scale) and the total 

number of reviews associated with each destination are used as proxies for aggregated visitor satisfaction and 

popularity. Prior to integration into the Case-Based Reasoning framework, the rating data undergo cleaning 

and normalization, after which they are discretized and encoded as popularity-related features within the case 

representation. 

 

2.2 Multicluster-based knowledge base construction 

As a foundational component of the automatic revision mechanism, the proposed model employs an 

unsupervised clustering approach to construct a semantically structured and multidimensional destination 

knowledge base. The clustering procedure follows the framework reported in our previous work [39], which 

comprises data integration, feature engineering, parameter optimization, cluster formation using DBSCAN, 

and cluster quality evaluation. 

Within this framework, seven feature subsets are utilized to represent various dimensions of 

destination characteristics, namely: geo_features, cat_features, type_features, attr_features, 

popularity_features, segment_features, and a composite set referred to as feature_combined. Numerical 

features are normalized using the StandardScaler, while categorical features are transformed through one-hot 

encoding and binning techniques to ensure compatibility with distance-based clustering algorithms. 

DBSCAN is selected due to its ability to detect clusters of arbitrary shapes and its robustness to noise. 

The DBSCAN parameters were determined through an empirical optimization process based on data 

characteristics and validated clustering practices. The neighborhood radius (eps) was identified using k-

distance graph analysis, while the minimum points parameter (minPts) was selected following established 

heuristic rules related to feature dimensionality to ensure cluster stability. 

To ensure the reliability and representativeness of the clustering results, five distance metrics are 

examined: Euclidean, Cityblock, Minkowski, Cosine, and Hamming. Each clustering configuration is 

evaluated using three internal validation indices: Silhouette Coefficient, Davies-Bouldin Index (DBI), and 

Calinski-Harabasz Index (CHI). These metrics are normalized and averaged to identify the optimal 

combination of parameters and feature subsets. 

The resulting cluster structures are then integrated into the knowledge base to enhance the 

effectiveness of the adaptation process within the recommendation model. In the present study, this validated 

clustering framework is reused to support knowledge base construction, while the primary contributions focus 

on automatic revision and context-aware itinerary adaptation. 

 

2.3 CBR-based recommendation method 

This study intentionally adopts a knowledge-driven and explainable architecture instead of deep-

learning-based embeddings. While transformer-based models have demonstrated strong performance in large-

scale sequential recommendation tasks, they typically operate as black-box systems and require substantial 

computational resources and large training datasets. In contrast, the proposed Case-Based Reasoning 

framework emphasizes explicit similarity reasoning, transparent decision logic, and low-latency adaptation, 

making it more suitable for real-time itinerary decision-support scenarios where interpretability and 

controllability are essential. 

The proposed model leverages a CBR framework to deliver personalized and context-aware itinerary 

recommendations by emulating the human cognitive process of problem-solving through experience. The 

reasoning cycle comprises four sequential stages: Retrieve, Reuse, Revise, and Retain, which collectively 

support the system's ability to recommend relevant solutions by referencing similar historical cases. The overall 

architecture, depicted in Figure 1, is structured according to these four phases to help readers follow the CBR 

workflow. The following subsections detail each phase. 

 

2.3.1 Retrieve Phase 

In the retrieval stage, the system identifies one or more previously stored cases that exhibit the highest 

degree of similarity to a new input case. Each case is modeled as a multidimensional feature vector that 

encapsulates both user preferences and contextual attributes relevant to the tourism scenario. The similarity 

between cases is computed using a weighted Minkowski distance function, which allows differential weighting 

of attributes based on their relevance. The global similarity Sim(𝐵, 𝐿) between a new case 𝐵 and an existing 

case 𝐿 is calculated using the weighted Minkowski distance, as formally defined in Equation (1). 𝜔𝑘 denotes 

the weight assigned to the 𝑘th attribute, and 𝑑𝑘(𝐵𝑘 , 𝐿𝑘) represents the local similarity between the respective 
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attributes of the new and stored cases. The Minkowski factor 𝑟 is set to 3, as a positive integer value to ensure 

computational tractability and differentiation among attribute distances . 

 

Sim(𝐵, 𝐿) = (
∑ 𝜔𝑘

𝑟𝑛
𝑘=1 ⋅|𝑑𝑘(𝐵𝑘,𝐿𝑘)|𝑟

∑ 𝜔𝑘
𝑟𝑛

𝑘=1
)

1/𝑟

    (1) 

 

Local similarity functions 𝑑𝑘 are defined in accordance with the data type of the attribute being 

compared. Symbolic attributes are compared using a binary similarity function, which returns a value of 1 if 

the attributes match and 0 otherwise, as shown in Equation (2) [34]. For numeric features, where direct 

comparison may not always be applicable, an extended similarity function is used. If the values are undefined 

(e.g., 𝐵𝑘 = 0, 𝐿𝑘 = 0, or either is missing), the similarity is set to 0. Otherwise, the similarity is calculated 

using a ratio of the minimum to the maximum of the two values, as described in Equation (3). For set-based 

attributes such as user preferences over tourism types, the similarity is assessed using the Jaccard index. This 

index evaluates the proportion of shared elements relative to the total number of unique elements across the 

two sets, as defined in Equation (4). The resulting similarity score ranges from 0 (completely disjoint sets) to 

1 (identical sets), thereby effectively capturing the multivalued, non-exclusive nature of user preferences. 

 

𝑑𝑘(𝐵𝑘 , 𝐿𝑘) = {
1, 𝑖𝑓 𝐵𝑘 = 𝐿𝑘

0, 𝑖𝑓 𝐵𝑘 ≠ 𝐿𝑘
       (2) 

 

𝑑𝑘(𝐵𝑘 , 𝐿𝑘) = {

1, 𝑖𝑓   𝐵𝑘 = 𝐿𝑘                                                       
0, 𝑖𝑓   𝐵𝑘 = 0 ∨ 𝐿𝑘 =  0 ∨ 𝐵𝑘 =⊥ ∨ 𝐿𝑘 =⊥

𝑚𝑖𝑛(𝐵𝑘,𝐿𝑘)

𝑚𝑎𝑥(𝐵𝑘,𝐿𝑘)
, 𝑒𝑙𝑠𝑒                                              

   (3) 

 

𝑑𝑘(𝐵𝑘 , 𝐿𝑘) =
|𝐵𝑘∩𝐿𝑘|

|𝐵𝑘∪𝐿𝑘|
       (4) 

 

2.3.2 Reuse Phase 

Once similarities have been computed, the reuse phase determines whether the solution from the most 

similar historical case can be directly applied to the new case. If the global similarity Sim(𝐵, 𝐿) meets or 

exceeds a pre-established threshold of 0.95, the system reuses the associated itinerary from the existing case. 

This rule is defined in Equation (5). 

 

IF  Sim(𝐵,  𝐿)  ≥  0.95  THEN  Itinerary𝐵   =  Itinerary𝐿   (5) 

 

This decision mechanism ensures that only highly similar cases inform the recommendation, thereby 

preserving the contextual and preference alignment of the result. When no sufficiently similar case is found 

(i.e., Sim(𝐵, 𝐿) < 0.95, the system activates the revise mechanism.  

 

2.3.3 Revise Phase 

In this phase, the recommendation is refined using an auto-revise module, which adjusts the proposed 

itinerary based on contextual factors and refined preference heuristics. The detailed procedures for this revision 

are elaborated in Section 2.4, where the adaptation logic is explicitly described. 

2.3.4 Retain Phase 

The final stage, retain, is executed when the similarity score is particularly low (i.e., below 0.50) and 

no existing case sufficiently resembles the new one. In such instances, the newly formed case, along with its 

recommended itinerary, is incorporated into the case base to enhance the diversity and coverage of the system’s 

knowledge repository. This process supports the model’s long-term adaptability and ensures continuous 

learning from novel user profiles and scenarios. 

 

2.4 Auto-Revise mechanism 

When no sufficiently similar case is found (i.e., similarity score < 0.95), the system triggers the auto-

revise module as part of the revision process. This module is designed to adapt the initial recommendation by 

incorporating both contextual and user-specific criteria to ensure relevance and personalization in the absence 

of a direct match. 

The auto-revise process begins by filtering candidate destinations based on two primary contextual 

factors: weather conditions and tourist segmentation. Under adverse weather (e.g., rainy conditions), 

destinations classified as outdoor are automatically excluded to preserve the comfort and suitability of the 
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recommendation. Simultaneously, destination filtering is guided by user segmentation, aligning destination 

options with the specific characteristics of the tourist be it domestic or international. Formally, this filtering 

mechanism is defined in Equation (6). The resulting set of filtered destinations, denoted as 𝐷filtered, is derived 

by subtracting from the original destination set 𝐷, the union of destinations unsuitable due to weather 

(𝐷weather_unsuitable) and those mismatched with user segments (𝐷segment_mismatch). 

 

𝐷filtered = 𝐷 − (𝐷weather_unsuitable ∪ 𝐷segment_mismatch)     (6) 

 

score(𝑑𝑖) = 𝛼 ⋅ simjac(𝑑𝑖 , 𝑄) + 𝛽 ⋅ ratingcategory + 𝛾 ⋅ ratingnumeric  (7) 

 

This ensures that only destinations that are contextually appropriate and segment-relevant are retained 

for further evaluation. For each destination in 𝐷filtered the system re-assesses its relevance by calculating its 

Jaccard similarity (see Equation 4) to the user’s preference profile, particularly for activity and attraction-based 

features. To compute the final recommendation score, a weighted scoring function is applied as defined in 

Equation (7).  

Here, α, β, and γ denote the respective contribution weights of preference similarity, category-based 

ratings, and numeric ratings. These weights satisfy the constraint α +  β +  γ =  1 to maintain proportional 

balance. The parameters are empirically tuned, with a representative configuration of α =  0.5, β =  0.3, and 

γ =  0.2, reflecting a greater emphasis on matching user preferences. Finally, the number of destinations to be 

recommended is determined using a heuristic rule (𝑛 = 3 × duration (in days). The Top − n destinations 

based on their final scores are selected for inclusion in the personalized itinerary construction phase. 

 

2.5 Itinerary construction 

The selected destinations are organized into a travel sequence using the nearest neighbor algorithm, 

which iteratively selects the closest destination from the current location. The distance between destinations is 

calculated using the Haversine formula (Equation 8), which accounts for the curvature of the Earth. where ϕ 

and λ represent latitude and longitude in radians, respectively, and 𝑟 ≈ 6371 km is the radius of the Earth. 

Each destination is selected based on the minimum distance criterion as defined in Equation (9). The travel 

time between destinations is computed using Equation (10), while the estimated total travel time is given in 

Equation (11), where the exploration time per destination is assumed to be 1 hour. The final itinerary is 

visualized both as a static route and through an interactive map interface. 

 

𝑑𝑖𝑗 = 2𝑟 ⋅ arcsin (√sin2 (
Δϕ

2
) + cos(ϕ𝑖) cos(ϕ𝑗) sin2 (

Δλ

2
))   (8) 

𝑝𝑘 = arg min
𝑝∈𝑆

𝑑 (𝑝current, 𝑝)    (9) 

𝑡𝑖𝑗 =
𝑑(𝑝𝑖,𝑝𝑗)

𝑣
 with 𝑣 = 40 km/h    (10) 

 

𝑇total = ∑ 𝑡𝑖,𝑖+1
𝑛−1
𝑖=0 + 𝑛 ⋅ 𝑡explore    (11) 

 

2.6 Evaluation Scenarios 

The evaluation of the proposed recommendation model aimed to measure its accuracy, robustness, 

and contextual adaptability in generating personalized travel itineraries. Two main evaluation strategies were 

adopted: stratified 5-fold cross-validation and testing on unseen cases. The cross-validation approach ensured 

consistency across different folds and helped prevent overfitting, while the new case evaluation assessed the 

model’s generalization capability. When the similarity score between a new case and existing cases fell below 

0.95, the system activated the auto-revise mechanism to adapt the recommendation accordingly. 

To ensure consistent performance and contextual adaptability, the proposed tourism itinerary 

recommendation model explicitly incorporated weather conditions (rainy vs. non-rainy) to guide the selection 

of suitable destinations—prioritizing indoor venues during adverse weather and outdoor sites in favorable 

conditions. A sensitivity analysis was conducted by varying the similarity threshold (θ) from 0.70 to 0.95, in 

order to evaluate the model’s responsiveness to varying degrees of case similarity and contextual alignment. 

The evaluation utilized a domain-specific confusion matrix comprising four categories: relevant and 

recommended destinations (RR), recommended but not relevant destinations (NR), relevant but not 

recommended destinations (RN), and destinations neither relevant nor recommended (NN). Based on this 

classification, domain-adjusted Precision, Recall, and F1 Score were calculated using the following formulas: 

 



                ISSN: 2089-3272 

IJEEI, Vol. 14, No. 1, March 2026:  14 – 30 

20 

Precision =
RR

𝑅𝑅+NR
      (12) 

 

Recall =
𝑅𝑅

𝑅𝑅+𝑁𝑅
      (13) 

 

𝐹1 = 2 ⋅
Precision⋅Recall

Precision+Recall
     (14) 

 

In this context, Precision reflects how many recommended destinations are contextually relevant, 

Recall measures how many relevant destinations are retrieved, and the F1 Score balances both. A high F1 

indicates that the model effectively generates accurate and context-aware itineraries. It is important to note that 

the proposed itinerary recommendation problem is formulated as a Top-N preference-based retrieval task rather 

than a multi-class classification problem. Destinations are considered relevant if they satisfy at least one user 

preference constraint (e.g., attraction type or activity category). Consequently, Recall is computed over the 

Top-N recommended destinations, where perfect Recall may occur when all preference-matched destinations 

are successfully retrieved within the Top-N list. This behavior does not indicate label leakage, but rather reflects 

the retrieval-oriented nature of the recommendation task and the design of the auto-revise mechanism, which 

expands candidate destinations under low-similarity conditions. 

To evaluate the quality of ranked outputs, the mean Average Precision (mAP) metric was utilized, as 

defined in Equations (15) and (16): 

 

𝑚𝐴𝑃 =
1

𝑁
∑ 𝐴𝑃𝑁

𝑘=1 @𝑁𝑘     (15) 

 

𝐴𝑃@𝑁 =
∑ (Precision@k⋅Rel𝑘)𝑁

𝑘=1

𝑅
    (16) 

 

Here, N refers to the total number of users, Rel𝑘 denotes whether the item at rank k is relevant for the user, and 

R represents the total number of relevant items. mAP reflects the ability of the system to prioritize relevant 

items near the top of the recommendation list. 

In addition to accuracy and ranking, user-centered experiential metrics were employed, including 

Novelty, Diversity, and Serendipity. These metrics evaluate the model’s capacity to deliver engaging and non-

redundant recommendations. Novelty was used to quantify the degree to which recommended items differ from 

those the user has previously interacted with. It was computed using Equations (17) and (18). In this case, 𝐼𝑢 

is the set of items already known by user 𝑢, and sim(𝑖, 𝑗) represents the similarity between items 𝑖 and 𝑗. Higher 

values indicate more unique and previously unseen recommendations.  

Diversity measured the internal variation within a recommendation list. It was computed using 

Equation (19). Here, 𝐿𝑢 denotes the list of recommended items for user 𝑢. A high diversity score indicates that 

the recommended items cover a broader range of types or categories, thereby reducing redundancy. 

Serendipity, as expressed in Equation (20), assessed the extent to which the system delivered recommendations 

that were both relevant and pleasantly unexpected. In this formulation, 𝑃( 𝑖 ∣ 𝑢 ) represents the probability that 

user 𝑢 would have independently discovered item 𝑖 based on their past behavior. A higher serendipity value 

reflects the system’s ability to provide recommendations that are not only useful but also novel in a meaningful 

and engaging way. 

 

Novelty(𝑖, 𝑢) =
1

|𝐼𝑢|
∑ (1 − sim(𝑖, 𝑗))𝑗∈𝐼𝑢

    (17) 

 
(𝑖, 𝑗) = 1 − sim(𝑖, 𝑗),  where sim(𝑖, 𝑗) ∈ [0,1]   (18) 

 

Diversity(u) =
1

|Lu|(|Lu|−1)
∑ ∑  (1 − sim(i, j))j∈Lu,i≠ji∈Lu

  (19) 

 

Serendipity(𝑢) =
1

|𝐿𝑢|
∑ (1 − 𝑃( 𝑖 ∣ 𝑢 ))𝑖∈𝐿𝑢

    (20) 

 

3. RESULTS AND DISCUSSION 

3.1 Experimental setup 

The experiment was designed to evaluate the performance of a tourism itinerary recommendation 

model based on CBR, enhanced with a context-aware auto-revise mechanism. The primary objective is to 

generate recommendations that are relevant, personalized, and adaptive to real-world user conditions, including 
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weather, geographic location, and travel preferences. To ensure clarity and reproducibility, the key 

hyperparameters, model configurations, and evaluation settings used in this study are consolidated in Table 2. 

 

Table 2. Experimental configuration and model parameters 
Process Stage Component Parameter / Metric Value / Method Purpose 

Multicluster 
Knowledge 

Base 

Feature subsets Geo, category, type, 
attraction, popularity, 

segment, combined 

7 subsets Multi-perspective 
clustering 

Numerical scaling Feature normalization StandardScaler Scale consistency 
Categorical encoding Category & type features One-Hot Encoding Distance compatibility 

Clustering algorithm DBSCAN Density-based Non-linear cluster  

Neighborhood radius  eps k-distance graph Optimal density radius 
Minimum points minPts max(2d, 4) Cluster validity 

Distance metrics Similarity space Euclidean, Cityblock, 

Minkowski, Cosine, 
Hamming 

Metric robustness 

Cluster validation Internal indices Silhouette, DBI, CHI Quality assessment 

CBR 
Retrieval 

Similarity model Global similarity Weighted Minkowski (p = 3) Similarity computation 
Feature weighting Attribute weights Set > symbolic > numeric Preference dominance 

Reuse threshold θ 0.95 Case reuse decision 

Auto-revise 
Mechanism 

Activation condition Similarity check sim < 0.95 Trigger adaptation 
Context filtering Weather constraint Indoor only (rainy) Context suitability 

User segmentation Tourist segment Domestic / International Market alignment 
Preference similarity Set similarity Jaccard index Preference matching 

Scoring weights Revision score Pref (0.70), Cat (0.20), Num 

(0.10) 

Ranking balance 

Retain threshold Similarity < 0.50 Knowledge base 

expansion 

Itinerary 
Construction 

Routing method Travel sequencing Nearest Neighbor Route feasibility 
Distance model Spatial distance Haversine formula Geodesic accuracy 

Travel speed Average speed 40 km/h Time estimation 

Visit duration Exploration time 1 hour/destination Time standardization 
Daily capacity Max destinations 3 locations/day Experience quality 

Evaluation 

Setup 

Validation scheme Cross-validation 5-fold Robustness test 

New-case testing Unseen data 96 cases Generalization  

Accuracy metrics Precision, Recall, F1 Domain-adjusted Accuracy 

Ranking metric mAP Top-N evaluation Ranking quality 

Quality metrics Novelty, Diversity, 
Serendipity 

User-centered Experience assessment 

Efficiency metric Latency Response time (ms) Real-time feasibility 

3.2 Implementation 

The recommendation model is implemented through five core stages of the Case-Based Reasoning 

(CBR) cycle: retrieve, reuse, revise, itinerary planning, and retain. Beyond retrieving solutions from previous 

cases, the system incorporates a context-aware auto-revision mechanism to generate adaptive 

recommendations that align with individual user preferences and contextual conditions. Table 3 outlines the 

representation of a new case, which includes demographic attributes, travel preferences, weather conditions, 

and the user’s initial location. 

Table 3. New case representation 
Feature Value 

Tourist Type Domestic 

Age 30 

Sex Female 
Category J2 (Couple) 

Duration 2 days 

Season Peak Season 
Type k11, k12, k16 

Attractions a9, a16, a17 

Weather Rainy 
Starting Location (GPS) Latitude: -7.835, Longitude: 110.367 

 

In the retrieve stage, the system compares the new case to all cases in the case base (see Table 4) 

using three similarity assessment methods: symbolic similarity for categorical variables, numerical similarity 

for continuous features such as age and duration, and set-based similarity for multivalued fields like types and 

attractions. The individual local similarities are aggregated using a Weighted Minkowski Distance, where set-

based attributes are given the highest weight (0.35), while symbolic and numerical features each carry a weight 

of 0.05. The global similarity computation revealed that none of the cases met the threshold of ≥ 0.95. The 

highest score, 0.62, was obtained for case C001, followed by 0.52 (C004), 0.45 (C002), and 0.43 for both C003 

and C005, as shown in Table 5. 
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Since no existing case satisfies the reuse threshold (similarity ≥ 0.95), the system proceeds to the 

revise stage through an automated revision mechanism. This module generates a new recommendation tailored 

to the user's preferences and contextual constraints. The revision process begins by determining the travel 

duration, followed by filtering destinations based on weather conditions—only Indoor destinations are 

considered during rainy weather, whereas all types (Indoor, Outdoor, Both) are eligible in clear weather. 

 

Table 4. Example case base 

Caseno Tourist Type Age Sex Category Duration Season Types Attractions 

C001 International 35–44 M J1 3–4 
High 

Season 
k4, k5, k10, k12, k15 

a6, a8, a9, a11, a12, a15, a16, 
a17 

C002 Domestic 25–34 M J1 3–4 
Peak 

Season 
k4, k5, k6, k7, k11, k12, k13, 

k14, k15, k17 
a1, a3, a6, a8, a9, a11, a12, a13, 

a15, a16, a17 

C003 Domestic <25 F J3 1–2 
Peak 

Season 

k3, k4, k5, k6, k7, k10, k11, 

k12, k13, k14, k15, k17 

a1, a3, a4, a6, a8, a9, a11, a12, 

a13, a14, a15, a16, a17 

C004 International >65 M J2 3–4 
Peak 

Season 
k1, k3, k4, k5, k9, k10, k17 

a4, a6, a8, a9, a11, a12, a14, 

a15, a16, a17 

C005 Domestic 35–44 M J1 3–4 
High 

Season 
k3, k4, k5, k6, k7, k12, k13, 

k14, k15, k16, k17 
a1, a3, a4, a6, a8, a9, a11, a12, 

a13, a14, a15, a16, a17 

 

Table 5. Detailed similarity calculation for case C001 

Feature New Case  Case C001 Local sim. Weight Weighted sim. (w × sim) 

Tourist Domestic International 0 0.05 0 

Age 30 35–44 → 39.5 min/max = 30/39.5 = 0.759 0.05 0.000218 

Sex Female Male 0 0.05 0 

Category J2 J1 0 0.05 0 

Duration 2 3–4 → 3.5 0.571 0.05 0.000464 

Season Peak Season High Season 0 0.05 0 

Type k11, k12, k16 k4, k5, k10, k12, k15 1/7 = 0.143 0.35 0.00251 

Attractions a9, a16, a17 a6, a8, a9, a11, a12, a15, a16, a17 3/8 = 0.375 0.35 0.01724 

 

Table 6. Top-N recommendations from auto-revise results 

Destno Regency Desttype Latitude Longitude Rating 

d56 Bantul w2 -7.94625 110.4266 4.6 

d91 Gunungkidul w1 -8.18182 110.6832 4.7 

d92 Gunungkidul w1 -8.13948 110.5810 4.6 

d7 Bantul w6 -7.92721 110.4122 5.0 

d74 Gunungkidul w6 -7.84125 110.5431 4.7 

d223 Yogyakarta w5 -7.79825 110.3653 4.7 

 

Destinations are further filtered by user segment and cluster assignment. For domestic tourists, the 

system prioritizes destinations labeled as Domestic and All_segment. Next, a composite score is calculated 

based on the similarity between user preferences and destination characteristics (types and attractions), using 

Jaccard similarity and weighted scoring. Destinations are ranked based on a combination of similarity, rating 

categories (e.g., Excellent, Good), and actual rating values. The Top-N list generated through this auto-revision 

mechanism is shown in Table 6. 

The recommended destinations are sequenced optimally using the Greedy Nearest Neighbor 

algorithm, which minimizes travel distance based on spatial proximity from the user's starting point. The 

Haversine formula is used to calculate geographic distances, with travel times estimated at an average speed 

of 40 km/h. Each location is assumed to require one hour of visitation. The full itinerary, as displayed in Table 

7, spans 84.72 kilometers and an estimated total duration of 8.11 hours. 
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Figure 2. Visualization of recommended itinerary planning 

 

Table 7. Recommended Itinerary planning 
Step Starting Location Destno Distance (J) (km) Travel Time (T) (hours) Duration (E + T) (hours) 

0 Start d223 4.15 0.10 1.10 

1 d223 d7 15.17 0.38 1.38 

2 d7 d56 2.64 0.07 1.07 
3 d56 d74 17.31 0.43 1.43 

4 d74 d92 33.25 0.83 1.83 

5 d92 d91 12.20 0.30 1.30 

Total Itinerary 84.72 2.11 8.11 

 

Figure 2 presents two visualizations: Figure 2.a displays a static 2D map indicating visit order and 

time estimates, while Figure 2.b illustrates an interactive map enriched with destination markers and details, 

suitable for integration into web or mobile applications. 

Finally, the retain stage is triggered when a new case shares less than 50% similarity with any existing 

case. In such instances, the system stores the new case and its generated itinerary as a new entry in the case 

base. This mechanism ensures continuous learning, enabling the model to adapt to evolving user behaviors and 

enrich its knowledge base for future recommendations. 

      

3.3 Evaluation result 

The evaluation examined the proposed context-aware Case-Based Reasoning (CBR) model across 

three key dimensions: accuracy, recommendation quality, and efficiency, using the experimental setup outlined 

in Section 3.1. 

 

Cross-Validation Results 

To assess robustness and adaptability, cross-validation was performed using weather conditions—

rainy and non-rainy—as the contextual variable. The model consistently achieved high accuracy across all 

similarity thresholds, with an average precision of 87.83%, recall between 98.06% and 100%, and a steady F1-

score of 92.60%, peaking at 93.48% at a threshold of 0.95. The mean Average Precision (mAP) remained close 

to perfect at 99.76%, increasing slightly to 99.83% at the highest threshold. The reported mean Average 

Precision (mAP) values should be interpreted within the context of a controlled evaluation environment, where 

destination candidates are pre-filtered according to user preferences, temporal constraints, and feasibility rules. 

While this setup reflects practical itinerary planning scenarios, it may also result in clearer separation between 

relevant and non-relevant destinations. As the experimental design does not include a random-walk or 

stochastic baseline, the results demonstrate relative effectiveness within the defined scope rather than absolute 

performance under unconstrained conditions. These results, unaffected by weather changes, are summarized 

in Table 8.  

Regarding recommendation quality, the model maintained constant novelty and diversity scores of 

0.615584, while serendipity stood high at 0.743684 across all thresholds. These results, shown in Table 9, 

confirm that contextual adaptation does not compromise recommendation uniqueness or variety. In terms of 

efficiency, response latency ranged from 22.97 ms to 27.38 ms across all thresholds and weather conditions—

well below real-time system requirements. Detailed latency results are presented in Table 10. A consolidated 

view of all metrics under cross-validation is presented in Table 11, confirming the model’s stability and 

performance across varying thresholds. These trends are visually supported in Figure 3, which shows that 

accuracy, recommendation quality, and latency remain steady regardless of threshold levels or weather context. 
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The findings confirm that the context-aware CBR model delivers high-precision, fast, and context-relevant 

recommendations. Thresholds between 0.75 and 0.80 offer broader coverage, while values above 0.90 provide 

more refined personalization. 

 

Table 8. Cross-validation accuracy evaluation based on threshold and weather conditions 

Threshold 
Weather = Rainy Weather = Not Rainy 

Precision (%) Recall (%) F1-score (%) mAP (%) Precision (%) Recall (%) F1-score (%) mAP (%) 

0.70 87.83 98.06 92.60 99.76 87.83 98.06 92.60 99.76 

0.75 87.83 98.06 92.60 99.76 87.83 98.06 92.60 99.76 
0.80 87.83 98.06 92.60 99.76 87.83 98.06 92.60 99.76 

0.85 87.83 98.06 92.60 99.76 87.83 98.06 92.60 99.76 

0.90 87.83 98.06 92.60 99.76 87.83 98.06 92.60 99.76 
0.95 87.83 100 93.48 99.83 87.83 100 93.48 99.83 

 

Table 9. Cross-validation evaluation of recommendation quality 

Threshold 
Novelty Diversity Serendipity 

All Weather Conditions (Rainy and Not Rainy) 

0.70 0.615584 0.615584 0.743684 
0.75 0.615584 0.615584 0.743684 

0.80 0.615584 0.615584 0.743684 

0.85 0.615584 0.615584 0.743684 
0.90 0.615584 0.615584 0.743684 

0.95 0.615584 0.615584 0.743684 

 

Table 10. Model efficiency (latency) in cross-validation 

Threshold 
Latency (ms) 

Weather = Rainy Weather = Not Rainy 

0.70 25.33 25.73 

0.75 22.97 26.08 
0.80 24.40 25.08 

0.85 27.38 24.42 

0.90 25.33 26.08 
0.95 26.42 25.98 

 

Table 11. Summary of average cross-validation evaluation across all weather conditions 
Threshold Precision (%) Recall (%) F1-Score (%) mAP (%) Novelty Diversity Serendipity Latency (ms) 

0.70 87.83 98.06 92.60 99.76 0.62 0.62 0.74 25.53 

0.75 87.83 98.06 92.60 99.76 0.62 0.62 0.74 24.53 
0.80 87.83 98.06 92.60 99.76 0.62 0.62 0.74 24.74 

0.85 87.83 98.06 92.60 99.76 0.62 0.62 0.74 25.90 

0.90 87.83 98.06 92.60 99.76 0.62 0.62 0.74 25.70 
0.95 87.83 100.00 93.48 99.83 0.62 0.62 0.74 26.20 

 

 
Figure 3. Comparison of all performance metrics based on threshold values 

 

Evaluation Results on New Cases 

Evaluation on unseen user data—derived from real post-trip surveys—was conducted to test 

generalization performance. The model maintained strong accuracy with precision rising from 82.29% at 

threshold 0.70 to 96.88% at 0.95. Recall was consistently perfect (100%), and the F1-score improved from 

90.29% to 98.41%. The mAP also increased to a perfect score at the highest threshold. Accuracy trends for 

new cases are shown in Table 12. In terms of recommendation quality, novelty remained extremely high across 

all settings, ranging from 0.99712 to 0.99846. Diversity was optimal (1.00000) at lower thresholds but declined 

to 0.45833 at 0.95, indicating less variety in high-threshold recommendations. Serendipity improved with 

higher thresholds, from 0.84301 to 0.95995. These results are detailed in Table 13. The model also performed 

well in efficiency, with latency ranging from 18.77 ms to 23.02 ms, confirming suitability for real-time use. 



IJEEI  ISSN: 2089-3272  

 

A Context-Aware Itinerary Recommendation Model Based on... (Edi Faizal et al) 

25 

Detailed latency data are shown in Table 14. An overall summary of performance across new cases—including 

accuracy, quality, and latency—is compiled in Table 15. The trends illustrated in Figure 4 confirm that higher 

thresholds enhance precision and serendipity but reduce diversity. This trade-off must be managed based on 

specific application goals—balancing personalization and exploration in practical use. 

 

Table 12. Accuracy evaluation of new cases based on threshold and weather 

Threshold 
Weather = Rainy Weather = Not Rainy 

Precision (%) Recall (%) F1-Score (%) mAP (%) Precision (%) Recall (%) F1-Score (%) mAP (%) 

0.70 82.29 100 90.29 93.75 82.29 100 90.29 93.75 

0.75 82.29 100 90.29 93.75 82.29 100 90.29 93.75 

0.80 82.29 100 90.29 93.75 82.29 100 90.29 93.75 

0.85 83.33 100 90.91 94.79 83.33 100 90.91 94.79 

0.90 88.54 100 93.92 98.96 88.54 100 93.92 98.96 

0.95 96.88 100 98.41 100 96.88 100 98.41 100 

 

Table 13. Evaluation of new cases on recommendation quality 

Threshold 
Novelty Diversity Serendipity 

Rainy Not Rainy Rainy Not Rainy Rainy Not Rainy 

0.70 0.99712 0.99712 1 1 0.84301 0.84301 

0.75 0.99712 0.99712 1 1 0.84301 0.84301 

0.80 0.99712 0.99712 1 1 0.84301 0.84301 

0.85 0.99718 0.99718 0.97917 0.97917 0.85342 0.85342 

0.90 0.99743 0.99743 0.87500 0.87500 0.90342 0.89850 

0.95 0.99846 0.99846 0.45833 0.45833 0.95995 0.95647 

 

The near-saturated Novelty and Diversity values observed at lower similarity thresholds (0.70–0.80), 

particularly in the new-case evaluation, can be explained by the characteristics of the recommendation scenario. 

For new users, historical interaction data are minimal or unavailable, resulting in small reference sets (|I₍ᵤ₎|) for 

novelty computation. Under these conditions, recommended destinations typically exhibit low similarity to 

previously known items, leading to novelty values approaching 1.  

Similarly, Diversity values reaching 1 occur when the recommended destinations belong to distinct 

categories with minimal feature overlap (e.g., beach, cultural, agro-tourism). This behavior is reinforced by the 

cluster-enriched knowledge base and the preference-driven filtering strategy employed by the auto-revise 

mechanism, which promotes category-level variation under low similarity conditions. 

 

Table 14. Model efficiency (latency) for new cases 

Threshold 
Latency (ms) 

Rainy Not Rainy 

0.70 19.90 20.27 

0.75 20.18 20.07 

0.80 19.43 19.83 

0.85 19.86 18.77 

0.90 20.19 20.22 

0.95 22.22 23.02 

 

Table 15. Summary of average evaluation for new cases 
Threshold Precision (%) Recall (%) F1-Score (%) mAP (%) Novelty Diversity Serendipity Latency (ms) 

0.70 82.29 100 90.29 93.75 0.99712 1.00000 0.84301 20.09 

0.75 82.29 100 90.29 93.75 0.99712 1.00000 0.84301 20.13 

0.80 82.29 100 90.29 93.75 0.99712 1.00000 0.84301 19.63 

0.85 83.33 100 90.91 94.79 0.99718 0.97917 0.85342 19.32 

0.90 88.54 100 93.92 98.96 0.99743 0.87500 0.90096 20.21 

0.95 96.88 100 98.41 100.00 0.99846 0.45833 0.95821 22.62 

 



                ISSN: 2089-3272 

IJEEI, Vol. 14, No. 1, March 2026:  14 – 30 

26 

 
Figure 4. Summary of new case evaluation 

 

3.4 Analysis and discussion 

A comprehensive evaluation of the proposed Case-Based Reasoning (CBR) model, enhanced with an 

auto-revise mechanism, demonstrates its robust generalization capability and adaptability in real-world 

recommendation scenarios. The comparison of key performance indicators between cross-validation and new 

case testing is summarized in Table 16. In the cross-validation setting, the model achieved a high F1-score of 

92.60%, which slightly decreased to 90.29% when tested on entirely new user cases—those not previously 

represented in the case base. This 2.49% reduction is considered marginal and within acceptable bounds, 

particularly given the absence of historical behavioral data for new users. A similar trend is observed in the 

precision metric, which decreased from 87.83% to 82.29%, indicating a minor compromise in the model’s 

ability to offer highly accurate recommendations to unfamiliar users. However, the recall metric exhibited an 

improvement, rising from 98.06% to a perfect 100%, signifying the model's effectiveness in retrieving all 

relevant recommendations despite the lack of prior user information. 

 

Table 16. Comparison of model performance between cross-validation and new case testing 

Evaluation Metric Cross-Validation New Case Change (%) 

F1-score 92.60% 90.29% –2.49 

Precision 87.83% 82.29% –6.32 

Recall 98.06% 100% +1.94 

mAP 99.76% 93.75% –6.01 

Novelty 0.6156 0.9971 +61.94 

Diversity 0.6156 1 +62.41 

Serendipity 0.7437 0.8430 +13.35 

Latency (ms) 25.53 20.09 –21.31 

 

Although the mean Average Precision (mAP) slightly declined from 99.76% to 93.75%, implying a 

moderate reduction in the ranking quality of recommended items, the overall quality of recommendations 

improved substantially in other dimensions. Notably, the novelty score increased dramatically from 0.6156 to 

0.9971, reflecting the model’s superior ability to suggest unexplored and previously unvisited destinations. 

Diversity also showed substantial improvement, rising from 0.6156 to a maximum value of 1.0000, which 

indicates a broader and more varied set of recommended items. Moreover, the serendipity score increased from 

0.7437 to 0.8430, reinforcing the system’s capability to deliver pleasantly surprising recommendations that 

remain contextually relevant to the user's implicit preferences. From a computational efficiency perspective, 

the system exhibited a decrease in average response time (latency), from 25.53 milliseconds in the cross-

validation scenario to 20.09 milliseconds in the new case scenario. This improvement suggests that the 

inclusion of the auto-revise mechanism does not impose a significant computational overhead and, in fact, 

enhances the responsiveness of the system, even when processing unfamiliar data instances. These findings, 

summarized in Table 16, collectively affirm that the integration of an autorevision layer into the CBR 

framework not only preserves predictive accuracy but also enhances the overall experiential quality and 

computational performance of the system in scenarios involving previously unseen users. Such robustness is 

critical for real-time applications in the tourism domain, where system adaptability and scalability are 

paramount. 

While high values of Novelty, Diversity, and Recall are observed in the new-case evaluation, these 

results should be interpreted within the scope of the defined evaluation protocol and dataset. They indicate the 

model’s ability to retrieve all preference-relevant destinations and to introduce diverse and previously 

unexplored options for users with limited historical data, rather than implying universal generalization. 

External validation on larger and more heterogeneous datasets remains an important direction for future work. 
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Although the proposed model demonstrates stable performance across cross-validation and new-case 

testing, the reported results should be interpreted within the scope of the evaluated dataset, controlled 

experimental protocol, and contextual assumptions. The observed performance stability indicates robustness 

under the tested conditions rather than universal generalization. External validation using independent datasets, 

user-centered evaluations, or online simulation environments remains an important direction for future 

research. 

From an interpretability perspective, the similarity computation is primarily influenced by set-based 

attributes, particularly destination types and attraction preferences, which are assigned higher weights in the 

weighted Minkowski formulation. These attributes play a dominant role in determining case similarity and 

triggering the auto-revise mechanism when insufficient overlap is observed. During autorevision, contextual 

factors such as weather conditions and tourist segmentation further constrain candidate destinations, while 

preference-based similarity and rating components jointly influence the final ranking. This design enables 

transparent reasoning by explicitly linking recommendation outcomes to identifiable user preferences and 

contextual constraints. 

 

Table 17. Impact of threshold values on model accuracy and latency 

Threshold Precision (%) Recall (%) F1-score (%) Latency (ms) 

0.70 82.29 100 90.29 19.90 

0.75 82.29 100 90.29 20.18 

0.80 82.29 100 90.29 19.43 

0.85 83.33 100 90.91 19.86 

0.90 88.54 100 93.92 20.19 

0.95 96.88 100 98.41 22.22 

 

Table 18. Influence of threshold values on recommendation quality metrics 

 

 

Table 19. Latency comparison by weather conditions and evaluation scenarios 

Weather Condition Cross-Validation (ms) New Case (ms) 

Rainy 25.33 22.22 

Not Rainy 25.73 23.02 

 

Further analysis concerning the similarity threshold parameter—which governs the retrieval 

sensitivity of similar cases from the case base—reveals its pivotal role in determining model performance. A 

systematic evaluation across a range of threshold values (0.70 to 0.95) indicates a consistent trend, , as shown 

in Table 17 and Table 18. As the threshold increases, both precision and F1-score improve, while recall 

remains perfectly stable at 100%. This behavior suggests that higher thresholds enhance the selectivity of the 

system, thereby reducing noise and improving the relevance of the recommendations. Nonetheless, increased 

selectivity is accompanied by a marginal increase in latency, although it remains well below the critical limit 

for real-time performance. Interestingly, this heightened selectivity adversely affects the diversity of 

recommendations, as documented in Table 18. The narrowing of recommendation space leads to reduced 

variability among suggested items. However, this trade-off appears to favor the serendipity metric, which 

increases markedly—from 0.84301 at lower thresholds to 0.95821 at the highest. This implies that while 

recommendations may become less diverse, they tend to align more closely with unexpected yet desirable 

outcomes, thereby enriching user satisfaction. These observations suggest that an optimal threshold setting 

must balance the competing priorities of accuracy, diversity, and user engagement. Based on empirical 

evidence, threshold values in the range of 0.85 to 0.90 yield the most effective compromise between these 

dimensions, offering a pragmatic configuration for deployment in production environments. 

The model’s adaptability was further validated through evaluations involving contextual weather 

variables, which are particularly relevant in tourism recommendation systems. Performance under both rainy 

and non-rainy weather conditions remained consistently high. The model retained its perfect recall and high 

F1-scores across all tested threshold levels, including the upper range (0.90–0.95). Latency metrics were also 

Threshold Novelty Diversity Serendipity 

0.70 0.99712 1 0.84301 

0.75 0.99712 1 0.84301 

0.80 0.99712 1 0.84301 

0.85 0.99718 0.97917 0.85342 

0.90 0.99743 0.87500 0.90096 

0.95 0.99846 0.45833 0.95821 
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largely unaffected by weather variability, as shown in Table 19. In the cross-validation scenario, average 

latency was recorded at 25.33 milliseconds under rainy conditions and 25.73 milliseconds under non-rainy 

conditions. In new case testing, latency slightly improved to 22.22 milliseconds (rainy) and 23.02 milliseconds 

(non-rainy), as shown in Table 18. These minimal differences—approximately ±0.4 to ±0.8 milliseconds—

underscore the model’s stability and robustness in dynamic environmental conditions. This further validates 

the efficacy of the auto-revise mechanism in facilitating contextual adaptation without compromising system 

performance. 

Collectively, these results underscore the proposed model’s fulfillment of the key characteristics 

expected from a modern, context-aware recommendation system. It demonstrates the ability to consistently 

deliver accurate, novel, diverse, and serendipitous recommendations while maintaining low computational 

latency, even under varying contextual and user-specific conditions. The significant enhancements in quality-

related metrics—particularly the leap in novelty from 0.6156 to 0.9971 and diversity from 0.6156 to 1.0000—

emphasize the model’s exploratory strength and suggest its capacity to extend beyond reliance on historical 

data. Equally important, the system's low latency and stable performance under variable weather scenarios 

indicate that it is not only accurate and adaptive but also efficient and scalable. By integrating multidimensional 

user data, geographical information, and contextual elements such as weather, and by leveraging the strengths 

of a CBR framework augmented with dynamic autorevision, the proposed system addresses the critical 

challenges of personalization, efficiency, and robustness in recommendation technologies. These contributions 

provide not only a strong practical foundation for the development of real-time, personalized tourism services 

but also offer theoretical advancements for future research in intelligent, context-sensitive recommender 

systems. 

Despite the encouraging results, several limitations of the proposed approach should be 

acknowledged. First, itinerary construction relies on a greedy nearest-neighbor heuristic, which prioritizes 

spatial proximity but does not guarantee globally optimal routes under complex constraints such as traffic 

conditions or time windows. Second, fixed assumptions are applied to travel speed and exploration time per 

destination, which may not fully reflect real-world variability. Third, evaluation metrics such as novelty, 

diversity, and recall are defined within a preference-based Top-N retrieval framework; while suitable for 

itinerary recommendation, these definitions may lead to near-saturated values under sparse historical data 

scenarios. Finally, the dataset is derived from a specific regional tourism context and curated historical cases, 

which may introduce bias and limit generalizability. These limitations highlight opportunities for future 

extensions rather than shortcomings of the proposed framework. 

 

4. CONCLUSION 

This study proposed a context-aware tourism itinerary recommendation model based on Case-Based 

Reasoning (CBR) with an integrated auto-revision mechanism. The model is designed to provide personalized, 

adaptive, and efficient recommendations by considering real-world variables such as weather, travel duration, 

user preferences, and market segments. Experimental results show that the model achieves high accuracy, with 

an F1-score of 98.41% and mAP of 100% at a 0.95 similarity threshold in new-user scenarios. It also delivers 

high-quality recommendations, reaching a novelty score of 0.9984 and serendipity of 0.9582, while 

maintaining response latency under 30 ms across all conditions—confirming its suitability for real-time 

applications. The model adapts effectively to dynamic contexts, especially weather, and can revise and 

personalize itineraries accordingly. Its main scientific contribution is the integration of CBR, context-aware 

auto-revision, and spatial itinerary planning, enabling real-time adaptability in dynamic domains such as digital 

tourism. Future work will extend the proposed framework to incorporate additional real-world constraints, 

including time windows, attraction opening hours, budget limitations, and dynamic crowd density. 

Comparative evaluations with optimization-based itinerary planning approaches, such as integer programming 

and metaheuristic methods, will be conducted to analyze trade-offs between solution optimality, flexibility, 

and computational efficiency. User-centered evaluations and real-time deployment scenarios will also be 

explored to assess practical usability and satisfaction. 
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