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Abstract: Many tourists who travel to explore different cultures and cities worldwide aim to find the best tourist sites, accommodation, and food according to their interests. This objective makes it harder for tourists to decide and plan where to go and what to do. Aside from hiring a local guide, an option which is beyond most travelers’ budgets, the majority of sojourners nowadays use mobile devices to search for or recommend interesting sites on the basis of user reviews. Therefore, this work utilizes the prevalent recommender systems and mobile app technologies to overcome this issue. Accordingly, this study proposes location-aware personalized traveler assistance (LAPTA), a system which integrates user preferences and the global positioning system (GPS) to generate personalized and location-aware recommendations. That integration will enable the enhanced recommendation of the developed scheme relative to those from the traditional recommender systems used in customer ratings. Specifically, LAPTA separates the data obtained from Google locations into name and category tags. After the data separation, the system fetches the keywords from the user’s input according to the user’s past research behavior. The proposed system uses the K-Nearest algorithm to match the name and category tags with the user’s input to generate personalized suggestions. The system also provides suggestions on the basis of nearby popular attractions using the Google point of interest feature to enhance system usability. The experimental results showed that LAPTA could provide more reliable and accurate recommendations compared to the reviewed recommendation applications.
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1  Introduction

Nowadays, travel is one of the preferred habits for many people globally for different purposes (i.e., business, leisure, or tourism). The number of travelers worldwide has experienced a steady increase annually [1,2]. Statistics show an increase of travelers from 530 million in 2015 to 1.3 billion in 2017, and this figure was expected to reach 1.8 billion in 2020. However, many travelers face serious challenges during their journeys, like finding suitable accommodation, good quality food, and proper guidance to tourist sites. These issues affect the traveler experience and lead to a noticeable impact on the tourism industry in the visited country. That impact emerges from the traveler reviews and word-of-mouth through websites and mobile applications.

Since 2015, the usage of mobile devices has increased dramatically and has surpassed desktop and laptop usage [1]. Therefore, we are living in the era of mobile computing. This claim is supported by statistics in [3,4] which show that by the end of 2015, the number of mobile users globally was approximately 4.15 billion and the expected figure is five billion users by 2020.

Therefore, as everyone has a mobile device, the travelers immediately share what they encounter in their journey with their relatives, friends, and even with potential travelers through different platforms, including booking.com, Agoda, and TripAdvisor. For instance, travelers may find the accommodation, which they reserve online, cramped, dirty, or with insufficient hotel facilities, or unfriendly or uncooperative staff [5,6]. Such issues are serious concerns for any traveler and may spoil his/her whole trip as they desire comfort and peace and tried his/her best to plan carefully to choose among a variety of options to meet their expectations and avoid any disturbance. Food is also a significant factor that measures the traveler’s trip experience, as many visitors would travel around to try various food dishes from different origins. However, authors in [7] claim that various factors affect tourists’ food consumption and selection as one of the main determinants is the difference of culture and religion. Moreover, authors in [7,8] agreed that the health and hygiene of restaurants exert a considerable effect on food consumption and restaurant selections among tourists. Tourists primarily prefer to eat in renowned international fast food restaurant chains rather than in local or street food restaurants that are cramped or dirty. Another issue that travelers face while traveling abroad is transportation [9].

Furthermore, many tourists who travel to explore different cultures and cities worldwide aim to find the best tourist sites such as museums, historical sites, temples, and other places according to their interests. This situation makes it harder for tourists to decide and plan where to go and what to do. Consequently, many tourists tend to look for local tour guides or tourist agencies to obtain information about their destination, a task which might be time-consuming and financially costly [10]. Thus, recommender systems are proposed in many travel platforms to overcome these issues and recommend the point of interests (POI) on the basis of the traveler’s preferences.

Recommender systems (RSs) represent a subclass of information filtering systems that predict user preferences when the user rates an item. RSs are used widely in commercial websites/applications to suggest products with high demand to users who show interest in similar products [11,12]. The idea behind the RS is that they function at the forefront of user-friendly systems to extract relevant information from a massive amount of data [13] and provide suggestions in line with the extracted information to expedite the search process, even when encountering the dramatic growth of a large amount of data. A prime example is a book RS that allows users to pick a book to read. As a well-known website, Amazon.com uses an RS to personalize each customer’s online store [14]. As recommendations are typically customized, non-personalized recommendations exist for multiple users or user groups to obtain benefits from various suggestions. Therefore, in RSs, machine learning (ML) algorithms provide better recommendations to users compared to those from data mining techniques. However, no precise classification exists for the algorithms in the ML region, mainly because of the number of approaches employed in the literature [15]. As a result, selecting an appropriate ML algorithm becomes challenging and unclear [16]. Moreover, some additional techniques such as the threshold algorithm (TA) are required to ensure the scalability in RSs.

Thus, this study aimed to develop a one-stop center mobile application that provides information about places according to user preferences. This work primarily provides a threefold contribution.

•   We gave a clear overview of RSs and explained the various problems in the traditional RSs. Then, we explained the development of travel RSs along with the techniques and interface types.

•   We proposed a location-aware traveler assistance (LAPTA) that employs user preferences to generate personalized recommendations using a K-Nearest Neighbor Item-Based Collaborative Filtering.

•   The proposed system is scalable, which means it maintains an acceptable performance level when the workload increases.

The remainder of this paper is structured as follows. Section 2 discusses related work on different RSs. Section 3 provides a summary of the methods adopted for the present study and describes the approach employed. Section 4 presents and examines the results. Lastly, Section 5 concludes the study and highlights future work.

2  Background and Related Work

2.1 Location Awareness Mobile Applications

With the rapid advancement in telecommunication and the Internet since the 1990s, all businesses have changed to adopt to-of-the-art technologies, thereby leading to rising new business models with thoughtful impact on such businesses. According to [17], the travel and tourism industry is no exception in relation to the influence of the Internet. That influence contributes to the evolution of travel and tourism started by adopting online airline ticketing through the web. Moreover, smartphones have become fully integrated into public lives over time. Thus, the travel and tourism industry were rearticulated by enhancing traveler behaviors and travel experience, including the searching for information, on-site decision-making, the sharing of journey details, and documenting travel experiences [18]. One of the recent directions in the mobile applications of travel and tourism involves location-based applications that allow travelers to provide information and services to users according to their current location [19]. Furthermore, mobile device features like GPS location, Bluetooth, and WLAN hotspots enables the applications to guide travelers toward nearby POIs while they explore indoor and outdoor environments [20]. Those features attract travelers to use the mobile devices to make their journey enjoyable.

2.2 Recommender Systems

RSs constitute one of the artificial intelligence fields that provides suggestions to users in line with their interests and search histories [21]. According to [22,23], RSs utilize different techniques such as data mining and prediction algorithms to forecast the interests of users in various aspects such as information, products, and services. Three types of RSs exist: content-based filtering, collaborative filtering (CF), and hybrid filtering. Content-based filtering is one of the oldest approaches and is the most popular RS type [24,25]. Those approaches track the user rating for an item and then recommends similar products according to two criteria: the user’s profile preference and the item description with a high rating by the user [26]. However, the main limitation of the content-based filtering approaches is that the user should rate an item to see recommended ones. If the user did not rate a product, then he/she will not be able to see the recommended item list. Another popular technique is the CF approach, which predicts users’ interests by gathering various users’ preferences or desired information from different sources and integrating these various preferences to predict the user’s interest [21,26]. The CF approaches can be classified into two classes. First, memory-based approaches use the fundamental similarities between users and/or items to make predictions. Second, model-based approaches use only a set of ratings to train the model which, in turn, is employed to predict the users’ rating of an unrated item or group of items [27]. Despite the wide application of content-based and CF approaches, both methods suffer from serious issues of precision and scalability, as the data of products and users have grown tremendously lately, thereby resulting in inaccurate recommendations. Thus, a robust and scalable RS approach in handling huge data that expands by the second is needed. As a solution for this issue, the hybrid filtering approach utilizes both content-based and CF techniques to enhance and improve recommendation results. According to [28], a range of methods has been developed to integrate different filtering approaches, including CF, content-based filtering, and knowledge-based demographics. The most popular combination is the hybridization between content-based and CF. Such a hybrid approach is usually applied in commercial RSs and can address and overcome issues of standard methods the unrated items such as the new item has not been rated by any user [29].

2.3 Location-Aware RS

Personalization is an important aspect of producing good recommendations for users and communities. Therefore, the integration of the RS with the advancement in mobile devices/applications plays a crucial role in personalization [30]. Since its invention until now, RSs were incorporated with various technologies to help the users decide in choosing their preferred items such as clothes [31], movies [32,33], and restaurants [34]. The literature presents some initiatives for such an integration for the sake of personalization. The authors in [35] proposed a Location-Based Personalized Restaurant Recommendation System for Mobile Environments. That system introduces the merging of mobile technology and context awareness with RSs. ML algorithms have been used to study user behavior while the user keeps exploring restaurants through social media applications. Such a combination may help enhance dining experiences, but this system has an issue in data gathering as it relies on the Foursquare application to gather users’ behaviors data, which is social-driven data with missing and unvalidated details. Likewise, the authors in [36] proposed a location-content-aware RS to recommend nearby locations on the basis of personal interest and local preference that aims to facilitate the travel experience for those who visit different cities. Furthermore, the authors used an ML algorithm named LCALDA to learn users’ interests and the local preference of each city by gathering item pattern convergence, content exploiting, and the learning interest of the querying user. Then, the results are combined automatically with the local preference of the querying city to produce top-k recommendations. Nevertheless, the classical TA in [36] is extended by a scalable query processing technology and evaluates the recommended item. Additionally, the authors used Foursquare and DoubaneEvent datasets to increase the efficiency and the effectiveness of the RS. To overcome the data sparsity problem and supervise the user preferences, utilizing local preference and item content information to enhance the recommendation efficiency further and provide the online recommendation is necessary. A scalable-based TA query processing technique has been implemented in the current research.

2.4 K Nearest Neighbor (KNN) Algorithm

ML techniques have been widely used in various scientific fields for classification or prediction purposes. Among these techniques, the KNN is one of the simplest supervised ML approaches [37] and is commonly applied to solve classification and regression problems. KNN classifies the unlabeled data instance by assigning them to another class with similar labelled examples according to the nearest calculated distance between the data instance and the classes. In the context of RSs, the authors in [38] utilized and trained the KNN algorithm to build an automatic web usage data mining and RS in line with user behavior on the basis of user clickstream data on a newly developed elementary syndication reader (RSS) website. Moreover, authors in [38] claimed that KNN could be utilized in RSs for the following reasons:

•   The KNN overcomes various common scalability problems that occur within various algorithms, i.e., the tree technique, by handling massive training data to fit in the memory.

•   KNN is easy to implement as it uses the Euclidean distance equation to measure the similarities even with the absence of prior knowledge about data distribution. It also produces accurate recommendations for end-users on the basis of the straightforward application of similarity or distance for classifications.

•   It is fast with a lower error rate caused by inaccuracy in assumptions.

3  The Proposed Location-Aware Personalized Traveler Assistance (LAPTA) Recommender System

In this section, the proposed RS for travelers will be discussed in detail. The collected data, system architecture, and process flow of the developed system will be explored.

3.1 Survey

Unlike requirement analysis, which focuses more on collecting the proper requirements, requirement validation ensures that the gathered requirements are complete, consistent, and reflective of the users’ expectations and needs according to the collected data from end-users [39]. In the data gathering through primary research questionnaires, the gathered data should be analyzed and validated to assist in creating a clear idea of the study objectives and the proposed system. In this research, the authors conducted an online survey to extract the system requirements through the respondents’ opinions. The survey involved 65 respondents globally who are adults and travel at an average of 2–3 times a year. After the data collection, validation was conducted to ensure the completeness of all the survey sections. The following figures depict the survey results with analysis.

Fig. 1a indicates that 89.2% of the participants plan their trips using the Internet and other options (such as travel agents) constitute the remaining 10.8%. Therefore, most people rely on the Internet to plan their trips. Regarding the most convenient way to plan a trip, 67.7% of participants chose using the Internet, 16.9% selected the help of a friend, and 13.8% indicated the services of travel agents (Fig. 1b). Thus, the majority prefer to use the Internet as a convenient approach to plan a trip.

Fig. 2a shows that 86.2% of respondents utilize the Internet during their trip to search for a particular location, 7.7% depend on travel local guides, and 6.2% ask the nearby local people for suggestions. Thus, people started to rely on the Internet to search for locations during their trip rather than using other options like local guides.
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Figure 1: Survey results: (a) travel planning and (b) convenient planning methods according to the users
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Figure 2: Results of users experience in: (a) searching for places and tourist attractions and (b) importance of food quality/types for the traveler

As depicted in Fig. 2b, 61.5% of respondents found that food quality is essential, 26.2% find that food quality is quite important, 10.8% have neutral thoughts about the quality of food during the trip, and only 1.5% do not think that quality of food is essential. Thus, more than 80% of respondents find that their food quality is critical during their trip.

According to the question in Fig. 3a, the respondents consider their trip satisfactory on various factors. For example, travelers consider their trip satisfactory due to good accommodation (47.7%), food quality and safety (46.2%), attractions and tourist sites (33.8%), finding friendly people around the city (16.9%), and 38.5% of participants reveal that all the above factors are critical during the trip. Fig. 3b shows that 76.9% of participants always rely on their mobile phones, 13.8% use their mobile phone often, 6.2% rarely use their phones, and 3.1% rarely use their phone during their trips. Thus, more than 80% of the participants reach for and depend on their mobile phones for various reasons.

Fig. 4a indicates that 60% of participants find mobile phones strongly helpful to recommend nearby hotels, restaurants, tourist attractions, and public transportation locations; 32.3% find them quite helpful; 3.1% consider them as neutral, and 4.6% find them entirely unhelpful. Therefore, approximately 93% of respondents need an application that would help them find and would recommend nearby locations. Fig. 4b displays the responses on the necessity of a location awareness personalized assistance application for travelers. The results are as follows: strongly agree (47.7%), agree (43.1%), neutral (7.7%), and disagree (1.5%). Accordingly, a location awareness personalized assistance mobile application would bring value and assistance to travelers throughout their trips.
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Figure 3: Results of users experience: (a) factors influencing users’ trip satisfaction and (b) usage rate of mobile phone during trips
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Figure 4: Results of: (a) Importance of recommender system mobile app and (b) evaluations of application necessity

Fig. 5a reveals that 83.1% of respondents would use a location-based app, 13.8% are unsure, and 3.1% would not download and use a location awareness personalized assistance mobile application. Therefore, this outcome shows the necessity, significance, and feasibility of the application to people. Fig. 5b shows the respondents’ thoughts on the features that may be included in the LAPTA, and 78.5% of respondents believe that a current local map view with nearby locations should be included, 75.4% want to view reviews of a particular location, 61.5% want to have the ability to search and view locations, 49.2% want to have the ability to add reviews and ratings about a particular location, 46.2% require the ability to provide feedback about the mobile application, 44.6% thinks that displayed ratings on a particular location would be valuable, and 40% wish for displayed price tags on locations. This outcome endows the researchers with a clear picture of the features to be considered while developing the proposed LAPTA application.
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Figure 5: Results of: (a) Evaluation of application necessity and (b) Important features to be implemented in LAPTA application 


3.2 KNN-Based CF Algorithm

The implemented approach in this study is the KNN-based CF Algorithm. The principle of the proposed approach is to evaluate the user’s rating of the POI m, and then according to the user ratings, u, the approach finds other POIs which are like POI m. To decide the similarity of POIs, the similarity function (similarity metric) has been formulated as in [40] and utilizes the modified cosine similarity between POIs a and b:


sim(a,b)=∑u∈U(a)∩U(b)(Ra,u-Ru¯)(Ru,u-Ru¯)∑u∈U(a)∩U(b)(Ra,u-Ru¯)2∑u∈U(a)∩U(b)(Rb,u-Ru¯)2,(1)

where Ra,u is user u’s rating on POI a, Ru¯ is the corresponding average rating, U(a) is the set of users that have rated POI a, and U(a)∩U(b) is the set of users that have rated both POIs a and b. The benefit of the above-defined adjusted cosine similarity over common similarity is that the rating scale differences between different users are considered as given in Eq. (2).


Pm,u=∑ j∈NuK(m)sim(m,j)Rj,u∑ j∈NuK(m)|sim(m,j)|,(2)

where Nuk(m) = {j: j belongs to the K most similar POIs to POI m and user u has rated j}. Moreover, sim (m, j) is the adjusted cosine similarity defined in Eq. (1), Rj,u are the existent ratings (of user u on POI j), and Pm,u is the prediction. Fig. 7 illustrates the recommendation system using KNN–cosine similarity.

One primary step in the CF algorithm is to measure the similarity between locations and pick the most similar items. The fundamental idea in measuring similarities between I and J is to isolate users who rated these POIs and then use the similarity calculation technique to evaluate the similarity si, j. This process has been demonstrated in Fig. 6, where the matrix rows represent users, and the columns represent items.

Several tricks in data post-processing could also be applied simultaneously to enhance the performance of RSs [41]. One of the “tricks” employed in this study is item-based correction, which explicitly defines the item-based rating mean as given in Eq. (3).


Sm=1|U(m)|∑u∈∪(m)́Rm,ú,(3)

where U(m) is defined in Eq. (5). For the proposed CF approach, the item-based prediction mean is calculated as


Sm¯=1Nu∑úPm,ú,(4)

where Nu is the number of users. We correct the prediction by Δm = Sm-Sm¯ as follows.


Pm,u:=Pm,u+Δm.(5)

Thus, Eq. (5) provides the item-based correction formula. The item-based correction increases the RMSE by approximately 0.03 on the basis of the testing conducted.
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Figure 6: Isolation of the co-rated items and similarity computation [40]
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Figure 7: Recommender system using k-nearest neighbors–-cosine similarity [42]

3.3 System Architecture

Fig. 8 depicts the LAPTA overall architecture and how it operates. LAPTA consists of two modules: the online and offline modules. In the online module, the user interacts with the system, such as by searching for current locations and viewing locations according to the current detected location. By contrast, the offline module stores users’ past search behavior and matches it with the locations to generate a user preference. Likewise, the stored user preference dataset assists the recommendation engine in generating personalized suggestions in line with the preferences generated from users’ past search behaviors.
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Figure 8: Overall System Architecture of LAPTA

The CF approach creates a model on the basis of past user behaviors (similar locations previously visited or given good numerical ratings) and similar decisions taken by other users. This model is then utilized to predict locations based on KNN (or POI ratings) that may be of interest to the user. The technique then utilizes a database in which data points are divided into various clusters to make inferences for new POIs. Therefore, KNN does not claim the underlying data distribution but relies on the featured item’s similarity. As it makes an inference about the POI, KNN calculates the “distance” between the target POI and every other POI in its database. It ranks the distances and returns the closest neighbor K top POIs to the most similar POI recommendations. Fig. 9 presents an example of how KNN classifies the new POI.
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Figure 9: Classification of a new POI using the KNN 


3.4 Process Flow of the Proposed Approach

The proposed approach creates recommendations by identifying places that travelers rated highly or provided them with good experiences. Two places can be identical if most of these two places’ visitors gave similar ratings or share the same experiences. Per this explanation, this suggested approach is an item-centric technique as it identifies and measures distances between the places on the basis of user experiences. For instance, the traveler can receive a personal recommendation from the proposed approach by considering the POI that the user prefers the most. This preferred POI can be represented by its vector of contact with each user (the corresponding column in the interaction matrix). Subsequently, the approach measures the similarities between the current POI and all the other POIs. Once the similarities are computed, KNN starts selecting the best POI. Tab. 1 shows the process flow of the proposed algorithm.
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Figure 10: Collaborative filtering approach using KNN in this study 


3.5 The Proposed Algorithm Description

CF systems work by collecting user feedback in the form of user ratings POIs in a given domain and then employing the similarities of the rating behavior among several users to recommend a new POI. In the proposed system, the CF model was developed using the KNN algorithm, an ML algorithm, to predict the user’s ratings of unrated items. The KNN algorithm is non-parametric, so it does not make any assumptions on the underlying data distribution but relies on POI feature similarity calculations. The KNN recommends a POI by calculating the distance between the target POI and every other POI in its database. Then, it ranks its distances and returns the top KNN POIs as the most similar POIs in the recommendation list. Fig. 10 depicts the proposed algorithm whereby Users A and B have a good experience in two different POIs. Subsequently, the proposed approach recommends a new POI to User B on the basis of past experiences and user preference/rating. In other words, KNN classifies any data point by a majority vote of its neighbors, and then the data point will be assigned to the class having the most common nearest neighbors as measured by a distance function (categorical variable).

4  Results and Discussion

In this section, the proposed LAPTA approach is tested for effectiveness, efficiency, and performance. Experiments on an ASUS core i7-5500U@3,00 GHz device with 16 GB memory on 64-bit Windows OS were performed in Python 3.8.0. The mobile app of the proposed approach was then examined and implemented in a mobile Android environment.

4.1 Evaluation Metrics

The main objective of this experiment is to evaluate the performance and efficiency of the proposed RS according to location recommendations. The evaluation was measured using two metrics, namely, mean absolute error and root mean absolute error.

4.1.1 Mean Absolute Error (MAE)

The metric MAE computes the deviation between predicted ratings and actual ratings, as shown in Eq. (6). Thus, a lower MAE value is more beneficial for our model.


MAE=1n∑i=1n|pi-ri|,(6)

where 1n means divided by the total number of data points, pi is defined as the actual output, ri denotes the predicted output value, and |pi-ri| is the absolute value of the residual.

4.1.2 Root Mean Square Error (RMSE)

The metric RMSE is like the MAE but places greater emphasis on a larger deviation. Thus, the residual’s absolute value is squared. The square root of the entire term is taken for comparison. The RMSE metric given in Eq. (7).


RMSE=1n∑i=1n(pi-ri)2.(7)

The results obtained from a cosine-based similarity test with different neighborhood sizes are presented in Tab. 2. When the cosine similarity with neighborhood size 20 is adjusted, the MAE and RMSE values are minimal. Both evaluation metrics showed similar improvements in rating accuracy when the neighborhood size increases. RMSE shows that neighborhood size 20 provides the highest accuracy, but MAE achieves the corresponding outcome with neighborhood size 10.
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4.2 Comparison with the Literature

Tab. 3 provides the results of comparison of the proposed approach with those of recent studies [40,43–45]. For instance, the authors in [40] proposed an item-based CF recommendation algorithm which was evaluated with a MAE value of 0.7392, and the authors in [43] suggested a cluster-based CF RS for cardiac patients. The approach in [43] obtained the best results by employing CF with a clustering algorithm as the MAE achieved 0.2510 with a neighborhood size 15. Authors in [44] also presented an item-based CF RS where the MAE and RMSE values were 0.920979 and 0.717344, respectively. In [45], authors proposed various approaches, including an item-based CF with the corresponding MAE and RMSE values of 0.8222 and 0.8927. Comparatively, the suggested technique in this study combines content-based and item-based filtering, a scheme which outperforms the RSs suggested by [40,44,45]. However, the RS proposed by [43] remains optimal as it obtained a better result relative to our work.
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4.3 LAPTA System Interface

For security purposes, the LAPTA system was equipped with an authentication page which requires valid user credentials to access the application. In case the user entered the wrong credentials, an alert message will notify users to insert the valid ones. Alternatively, the user can use Google ID to access the system using the Google Sign-in feature. After logging in, the user will be redirected to the main page, which is the map view page, as depicted in Fig. 11. In the map view page, the user can explore all nearby POIs (e.g., restaurants and shopping malls) and explore the POIs under particular categories by selecting those classifications from a dropdown list (left side, Fig. 11). The user can also click on the location icon on the map to display the distance between the user’s location and the selected location.
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Figure 11: Map View with various POIs
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Figure 12: Proposed mobile app results: (a) the view and add reviews feature and (b) the suggestions panel according to user preferences

Furthermore, users can add and view feedback and reviews on locations, as shown in Fig. 12a. In the page for location viewing (e.g., restaurant), users can read current reviews about that location. If the user needs to write a review, he/she can click on the reviews button located at the bottom of the screen and add the desired feedback. Once the review is saved, the user can immediately view their reviews. Additionally, LAPTA has a navigation drawer through which the user can navigate the application to access different features (e.g., profiles, suggestions, and maps) and logout from the application.

LAPTA also has an interesting feature which displays Google provided suggestions and the recommendations generated by the system itself. As discussed in Section 3, the system uses a KNN-based CF algorithm to provide suggestions according to user preferences like search behavior and the most popular or top-rated nearby locations. Those suggestions are displayed as shown in Fig. 12b. As an example, we assume the user searches for nearby shopping malls and McDonald’s restaurants (Fig. 11). Once the user navigates to the suggestions panel, several suggestions would be created in line with the user searches and locations, as in Fig. 12a. Those generated suggestions include similar nearby POIs under the same tag.

5  Conclusion

The crucial role of mobile devices and applications in people’s daily lives is undeniable. Nowadays, mobile applications contribute to the different sectors like entertainment, E-Commerce, E-Government, and tourism and travelling. That contribution to the tourism industry leads to a considerable change in the concept of travel by enhancing the travelers’ experience by searching, selecting, and sharing information about different locations. Thus, this study examined this area through surveys and in the academic literature to explore the different issues and develop a proper solution to help the travelers enjoy their journeys with less disturbance. To address the issue of finding the suitable POIs for the travelers, RSs were proposed to allow the travelers to select the convenient POIs according to the personal preferences and others user ratings. This work utilized RSs and a mobile device location-based feature to build the LAPTA system, which integrates user preferences and GPS to generate personalized and location-aware recommendations. The recommendations were generated using a KNN-based CF approach which considers the user’s rating and behavior profile to show recommended POIs. The experimental results showed the superiority of the proposed system over those in related works in terms of the MAE and RMSE values. However, the authors feel that the system needs further improvements. Thus, future enhancements can be made to improve the application’s efficiency by exploring more ML filtering algorithms and technologies that could improve response time and improve the system’s effectiveness. Moreover, a GPS navigation system and a language translator could be implemented as a future upgrade to increase the application’s usability and enhance the user’s experience.
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