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ABSTRACT
Technological advancements have significantly enhanced e-commerce, helping
customers find the best products. One key development is recommendation systems,
which personalize the shopping experience and boost sales. This paper explores
a novel geographic recommendation system that uses demographic data, such as
population density, age, and income, to refine recommendations. By integrating
geographic and demographic information, like the population size of a country,
businesses can tailor their offerings to regional preferences. This targeted approach
aims to make recommendations more relevant by considering the behaviors and
needs of different geographic areas. We sourced population data from The National
Institute of Statistics (Tunisia, INS). This approach improves the importance of
product recommendations for particular locations by customizing them based on
demographic and geographic measures. The technique creates a better context-aware
recommendation system that boosts customer happiness and business proceeds
by fusing consumer behavior with extensive demographic data. The method also
includes a mathematical model that considers population intensity to refine further
recommendations established on the regional model.

Subjects Emerging Technologies, Social Computing, Software Engineering
Keywords E-commerce, Recommendation system, GIS, Population-data

INTRODUCTION
Today, e-commerce plays an important role and has spread everywhere around the
globe, as customizing the consumer experience has grown essential to allure and retain
customers (Cheng et al., 2012; Jiao, Liu & Xie, 2022;Mohamed et al., 2023). Recommender
systems, which suggest products or services based on consumers’ preferences and past
behaviors, are at the heart of this personalization. However, traditional approaches
to recommender systems may need more accuracy when considering geographic and
demographic change (Daud, Mulyanto & Pakaya, 2021). This is reflected in our work,
which focuses on population size for recommendation. Recommendation systems must
provide users with relevant products based on their preferences and behaviors. The
complexity of modern user needs, specifically geographic location, may be partially
captured by traditional recommendation methods (Khodizadeh-Nahari et al., 2021).
Integrating demographic and geographic data into the recommendation proceeding is a
new approach offered by a population-based geographic recommendation system (Mali
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& Rachmawati, 2022). This system can provide more context-based and appropriate
recommendations by weighing users’ location and local population characteristics (Aditia,
2020). The optimization of marketing and logistics strategies for e-commerce businesses is
not only improved by this approach but also improves user satisfaction and engagement.

Recommender systems in e-commerce have traditionally relied on methods established
on customer preferences and purchase history. However, these approaches have proven
limits in catching contextual data such as consumers’ geographic location. Recent
research, includingMauro et al. (2022) and Zarindast & Wood (2021), show that including
spatial information in recommender systems boosts the appropriateness of suggestions,
especially in local market conditions. These studies have shown that consumers are more
disposed to be involved with recommendations based on their geographic location,
boosting customer happiness and business conversion rates. Various research studies,
such as Sharma, Shakya & Marriboyina (2020), Honarparvar et al. (2019), Torres-Ruiz
et al. (2023), and Pohan et al. (2023), have illustrated that firms may understand and
answer consumers’ local rules by integrating geographic information systems (GIS) from
recommender systems. These systems permit personalized suggestions on geographic
attributes and enhance stock handling and logistics to find regional requests. For example,
Cruz et al. (2022) shows that GIS can adequately forecast local purchase tendencies and
change marketing and logistics methods, resulting in better e-commerce firm competition
in particular regions.

In addition, demographic and regional information in recommender systems offers
novel study and application opportunities in e-commerce. Several recent studies,
including Cruz et al. (2022), Dewan et al. (2023), Kacprzyk et al. (2021), Sihotang et al.
(2021), Kopsachilis & Vaitis (2021), investigate how artificial intelligence and machine
learning may be combined with GIS to improve suggestions in real-time. This allows
for scrutinizing problematic factors such as population immigration, switching in local
preferences, and the evolution of temporal purchase habits. These developments present
significant opportunities to improve current recommender systems, and our study
contributes to this field by existing a unique technique that incorporates large-scale
demographic data with spatial data to offer suggestions suitable to particular market
categories.

Moreover, our proposal would contain a user-friendly interface to assist platform
administrators in managing and analyzing geographical data for continuous system
optimization. By investing in this cutting-edge technology, businesses could enhance cus-
tomer overhauling and engagement and open up new growth provisions in a progressively
concurrent and global e-commerce market. The significant contribution of this paper
include:

• The system combines geographic and demographic data to provide recommendations
that are more suitable to local preferences, increasing the importance of product
recommendations to customers.
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• By utilizing demographic and geographic information, businesses can improve a
portion of the market and reach potential customers with offers tailored to their needs,
making their marketing campaigns longer efficient.
• Businesses may save expenses and delivery time by optimizing inventory gestion and
delivery tactics that include user location.
• By providing appropriate goods and services, contextual, location-based suggestions
enhance user experience and encourage customer loyalty.
• By presenting bargains appropriate to their zone, the system boosts the potential of
conversions by supplying consumers with location-specific deduction and publicity.
• The solution aids the sellers in chopping expenditures related to conveyance by making
the best use of delivering routing through geographic data, whatever warrants faster
distribution.
• To ease consumer displeasure and boost buying satisfaction, the system ensures that
recommendations are restricted to goods accessible in the customer’s local zone.
• The system updates customers about popular things in their area by suggesting
products presently prevalent in these localities.

The rest of this paper is divided into five sections. ‘Literature Review’ will be related to
our work through a literature review. The proposed architecture is constructed with the
necessary components in ‘Methodology’. ‘Web Application and Experimental Results’
concludes with a web application for simulation following the proposed solution. In
‘Discussion’, we offer a discussion of the results obtained. We present our conclusions
and future work in ‘Conclusion and Future Work’.

LITERATURE REVIEW
Recommendation systems and GIS are essential in increasing the achievement of e-
commerce systems. Therefore, there was research on expanding various recommendation
systems using several methods. Some of them concentrated on customer behavior and
geographic position.

In Nurcahya & Supriyanto (2020), the authors proposed a new approach for a content-
based recommender system explicitly established for e-commerce platforms, highlighting
how adapted product recommendation orders enhance customer experience. This
system’s capability to personalize suggestions based on singular customer preferences and
product features is one of its main advantages because it considerably boosts the recom-
mendations’ suitability. In addition to improving customer pleasure, this customization
poses platform engagement. Moreover, the system effectively computes similitude among
product names and designations, producing pertinent recommendations even when
customer interaction information is insufficient. However, the article also explores
various disadvantages linked to content-based filtering. The system’s efficiency is mainly
conditioned on the bore and applicability of product descriptions, which display sub-
stantial variance amid distinct goods. Moreover, since it primarily focuses on item grade
rather than integrating user behavior or collaborative filtering processes, this approach
could not adequately capture the range of customer preferences. This limitation may
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result in an overfitting problem, in which the system repeatedly suggests identical items,
diminishing the diversity of recommendations and rearing the potential of customer
exhaustion.

Addagarla & Amalanathan (2021) present a novel product recommendation method
for utilizing deep learning methods for visual similarity. The e-SimNet model, as the
authors propose, utilizes a convolutional neural network (CNN) called SqueezeNet to
abstract visual data from product photos. This allows for the suggestion of clearly linked
goods. A fundamental profit of this model is its excellent accuracy of 96.2% with a low
fault percentage, the best performer of other well-known models such as Visual Geometry
Group (VGG) and residual neural network (ResNet). Integrating deep learning, whatever
surmounts the disadvantage of conventional machine learning techniques that often rely
on text-based searching, is accredited with this effectiveness.

Moreover, the model is better flexible to customization in picture orientation when
data augmentation approaches are used. Smaller e-commerce platforms may be unable
to use e-SimNet due to its complex and resource-intensive installation. Moreover, the
quality of the input photographs significantly impacts the system’s performance, given
that low-quality image strength results in erroneous feature extraction. Finally just not
less, even when the model is splendid at the production of visible recommendations, it is
not entirely narrative for other crucial elements like customer preferred and contextual
data, which might enhance the recommendation process even more. E-SimNet is a
noteworthy development in visual recommendation systems for online shopping, with
impressive remainder among strong accuracy, implementation, and picture quality issues.

In another study Hussien, Rahma &Wahab (2021), the authors examine how essential
recommendation systems are to upgrading e-commerce websites. The ability of their
systems to provide personalized product recommendations established on singular
customer preferences and archival behavior is one of its significant advantages. This char-
acteristic considerably increases consumer satisfaction and boosts fidelity. In addition,
recommendation systems can increase selling and transformation rates by successfully
guiding customers to products they are likely to buy. By assisting users in navigating
extensive product selections, recommendation systems also help reduce the topic of data
overload. Nevertheless, the study also discusses particular disadvantages, such as the
cold start topic, in which new users or items might not obtain precise recommendations
because of insufficient historical data. Moreover, sustaining the performance and accuracy
of recommendation algorithms can be problematic as data quantity rises, which could
result in complexity and scalability problems.

Kompan et al. (2022) analyze why customer tariff preferences and benefit consciousness
from recommender systems should be incorporated into a focus on e-commerce. It fills
a critical space among the key performance indicators (KPIs) organizations prioritize—
revenue and profit—and standard study measures like mean average precision (MAP)
and recall. The authors display why this enhancement can simultaneously increase
recommendation accuracy and profitability by laying forth a special modification to
score-based recommender algorithms. The significant gain of this study is that it can
be applicable virtually. It allows a framework that helps e-commerce businesses to
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personalize their suggestions corresponding to customer preferences and benefit margins,
which advantages both customers and the company. One substantial disadvantage
is that laying these strategies into custom could require a greater comprehension of
consumer behavior, which might present difficulties for smaller businesses with less data.
Furthermore, using past data to train a model can not necessarily consider the current
market model, resulting in less valuable suggestions in rapid modification contexts.

Pleskach et al. (2023) discuss why machine learning (ML) and artificial intelligence
(AI) exist and are utilized to enhance customer participation and decision-making
in e-commerce recommender systems. It offers an in-line store-specific microservice
architecture that makes context-aware recommendations simple. Enhanced personaliza-
tion of recommendations established on various contextual features, including period,
location, and customer behavior, is one of this approach’s profits. It also boosts customer
happiness and engagement. However, the paper also underscores difficulties, such as
the problem related to the cold start problem, the scalability topic, and the necessity
for several clear recommendations. This restriction can obstruct the effectiveness of
recommender systems, specifically in adapting to new customers or speedily modifying
market conditions. While the proposed solutions provide significant profit in improving
e-commerce experiences, they also require a thorough examination of the associated
challenges to ensure their successful implementation. Advanced techniques like deep
learning and natural language processing also facilitate the system’s adaptation to
dynamic customer preferences, supplying more appropriate suggestions.

In another study, Yıldız, Güngör Şen & Işık (2023) introduced a product recommen-
dation system constructed for fashion retail commerce. The system utilizes customer
position information and RFM segmentation to give personalized recommendations. It
uses methods like relationship rule extraction and k-means to select whatever things to
recommend. It also considers the importance of customized recommendation systems
and areas of gaps in the organization of the present study. The proposed approach in
the following paper produces bespoke product recommendations using geography
and customer fragmentation information. It asks to give customers better accurate
and personalized recommendations using complicated algorithms like k-means and
relationship rule mining. In addition, measuring the performance of the suggested system
contrary to present systems presents essential information about its possible profit.
The proposed system’s dependence on complex algorithms and consumer information
may be one of its drawbacks. This might result from increased processing needs and
potential privacy issues using client data for adapted suggestions. Table 1 summarizes the
technologies used in GIS personalization and their corresponding outcomes in the field.

METHODOLOGY
The section explains the approach to drawing up a geographic recommendation system
in e-commerce. It incorporates the mathematical formulation and the framework of the
proposed method.
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Table 1 Brief of examinedmodels and systems.

Paper Diversity of
recommendation

Customer’s
satisfaction

Time
needed
for sale

Accuracy of
recommendation

Customer
preference
analysis

Similarity
measure
efficiency

Using
GIS

Data
source

Nurcahya & Supriyanto (2020) Moderate High Potentially
reduced

High Limited Efficient No Depend on prod-
uct designation and
names

Addagarla & Amalanathan (2021) High Moderate No Yes Yes No No Utilizes product im-
ages with the basic
data source

Hussien, Rahma &Wahab (2021) Yes No Yes No Yes No Website online
Kompan et al. (2022) Yes High Yes Yes No Yes No Utilizes feasible

datasets for the fash-
ion domain

Pleskach et al. (2023) Yes Yes Yes Yes No Yes No Crucial data sources
incorporate cus-
tomer behavior, de-
mography, and con-
text.

Yıldız, Güngör Şen & Işık (2023) Yes Low No No No No No Not specified
Our Proposed System Yes Yes Yes Yes Yes Yes Yes INS Tunisia
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Proposed architecture and mathematical formulation
Population intensity/geographic balance
Exploiting population density at a product’s geographic location is essential this system.
The population density and Ply at the product evaluation site meant by this. The popu-
lation intensity is standardized by partitioning it by the highest population density Pmax

for each imposing interpreted into consideration to ensure justice and coherence. This
normalization ensures that the suggestion method isn’t predominant in areas with high
population densities.

Overall average rating
The system includes an overall average rating or bold italic delta to specify the initial or
average rating on the condition that items are across the platform have δ. To guarantee
that the model is established on the regular behavior seen in the system, this value is
utilized as the initiation topic for all customer-product estimation.

Product/customer biases
Subsequently, establishing the system’s overall framework, customer and product, and
biases accompanying customers and products are integrated to adapt personal preferences
and attributes of the product.

Customer bias bx : Specify a particular customer’s tendency to give a product an
enhanced or lower rating than the norm.

Product bias by : Specify a product’s propensity to continually score enhanced or worse,
irrespective of the person’s evaluation.

Their biases change the initial rating to more accurately constitute personal and
product-specific variances.

Mathematical formulation
In this section, we prepare a population-based geographical recommendation modeling
mathematically. The fundamental equating incorporates customer and product biases and
a geographical balance element established on population intensity, as displayed in Eq. (1)
and the example below:

R̂xy = δ+bx+by+β ∗
Ply
Pmax

. (1)

• R̂xy : It is the classification of customer x and product y.
• δ: It parameter means the overall average of grades.
• bx : It is customer bias (constitutes the customer’s tendency to give larger or less
evaluation).
• by : This is the second product bias (representing the product’s propensity to obtain
larger or lower-quality reminding).
• β: This is a weight criterion for population intensity.
• Ply : The population intensity at the product ly position geographic.
• Pmax : It is the highest population intensity between all positions regarded (to standard-
ize intensity among 0 and 1).
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Table 2 Influence of population intensity, product bias, and customer bias on projected ratings.

Case bx
(Customer Bias)

by
(Product Bias)

Ply

(Population Intensity)
Pmax

(Predicted Rating )

1 0.8 −0.4 700 4.55
2 1.0 −0.2 1,000 5.00
3 −0.5 0.5 1,400 4.75
4 0.2 −0.3 500 4.35
5 −0.1 0.0 900 4.60

Let’s take an example with real numbers.

δ= 4.5;bx = 0.8;by =−0.4;β = 0.7

The Intensity of population wherever the product is positioned: : Ply = 700/km2

The maximal population density in full position :: Pmax = 1400/km2

Accordingly, the predicted evaluation result is as follows:

R̂xy = 4.5+0.8−0.4+0.7∗
700
1400

R̂xy = 4.5+0.8−0.4+0.7∗0.5

R̂xy = 4.5+0.8−0.4+0.35

R̂xy = 4.55.

Thus, Eq. (1) illustrates how to apply population intensity to change product sugges-
tions without considering customer preference or concentrated populations in various
geographic areas.

Comparative analysis
This section compares and examines the effects of modification on essential characteris-
tics of the awaited rating, including population intensity and biases. The result of applying
several values for these variables is summarized in a table.

δ= 4.5;Pmax = 1400/km2
;β = 0.7.

We provide a comparison analysis to aid you in improving see how several factors
impact the expected rating. By adjusting these values, we might see how significant
characteristics are similar population intensity Ply , customer bias bx , and product bias by
impact the recommendation outcome R̂xy .

The expected ratings R̂xy For the several positions are prepared in Table 2.
The values under which the comparison is made are shown in the next section.

The proposed architecture
In the following diagram, we show the major components of the proposed architecture of
our system, which principally consists of five elements, as shown in Fig. 1 and Table 3.
The architecture of the multi-layered e-commerce recommendation system is represented
as shown in Fig. 2. Managers may enter a database with personalized recommendations
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Figure 1 The proposed architecture for this system.
Full-size DOI: 10.7717/peerjcs.2525/fig-1

established by processing consumer preferences and regional data for product manage-
ment and customer behavior visualization—layer cooperation into the rest to provide the
best customer experience and serve specific requests.

Data collection
The geographic recommendation system draws on various demographic and geographic
data sources. These unique characteristics were selected because they directly affect
customers’ behavior and purchasing ethical values. Specific points were given primacy,
including geographical preferences, income levels, and population density. These
features have been illustrated in previous studies to impact e-commerce ethical values
significantly, and their inclusion enhances the precision and relevancy of product
recommendations. Regional differences were described in detail by the National Institute
of Statistics (Tunisia, INS), which provided the demographic statistics.
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Table 3 The description of the layers.

N Layers Components Description

1 Customer Layer - User Profiles
- Preference Settings
- Behavioral Data

They constitute the customers of the sys-
tem and this layer represents the situa-
tions that inform us of their preferences
and choices and is a main context for the
geographical recommendation system.

2 GIS-MAP-WEB Layer -Geographic Information System (GIS)
- Mapping Interface
- Geospatial Analysis Tools

This element is in charge of directing ge-
ographic data and offering a map inter-
face for visualizing spatial information.
It is connected to the database to access
customer data and related products ac-
cording to their preferences

3 Data Base Layer - Customer Data
- Product Data
- Recommendation Data
- Transactional Data

This component or element victuals all
data, like customer data, products, rec-
ommendations released by the system,
etc.

4 Recommendation System Layer - Recommendation Algorithms
- Data Processing Modules
- Connection to Database

This element constitutes using the rec-
ommendations and algorithms to gener-
ate personal recommendations for your
customer. It is important to connect to
the database to entry the necessity rec-
ommendations.

5 Seller (Adm) Layer - Administrative Interface
- Product Management
- Sales Management
- Database Management

This element constitutes the system ven-
dors or supervisors on this system and
they also use an administrative inter-
face connected to the database to manage
products, sales, and other functions ac-
companying the e-commerce platform.

In Table 4, we present the sample dataset related to the population. Data preparation,
frequently described as data cleaning, is crucial in disposing of this data for analysis. This
positioning located and fixed any irregularity, such as exceptions or irregular results,
to boost the dataset’s quality. This step also solves any inconsistency in the data by
standardized variables as necessary. Lacking values is specifically significant; we need
to measure the dataset’s structure and the type of missing data to handle them well.
It is possible to guarantee that the dataset is extensive and prepared for precise and
trustworthy analysis by utilizing suitable attribution techniques.

A cluster of geographical features that correlate to population statistics is demonstrated
in the Fig. 3 GeoJSON file. Every characteristic in the collection encompasses data on the
zone and related characteristic features, including the count of enterprise, employment,
and population. Various employments exist for this data, such as mapping, analysis, and
visualization.

Figure 4 displays the population distribution mapping, which is essential for geo-
graphic investigation because it assists in comprehending the various human–environment
interactions and behaviors.
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Figure 2 The system architecture diagramwith data flow of the proposed system.
Full-size DOI: 10.7717/peerjcs.2525/fig-2

The preprocessing data
The required proceeding to draw up selling information and demographic data from
the INS National Institute of Statistics (Tunisia) for a geographic recommender system
is described in the data preparation schema, as shown in Fig. 5. To assure compatibility
and importance, it opens with collecting and combining selling and population data,
then normalizing and extracting features. Ultimately, the information is disposed of
for accurate location-based recommendation via data purification and region-specific
accumulation.

Flowchart for proposed approach
The diagram flowchart represents the proposed system’s forward action, from informa-
tion collecting to system upgrade, securing an extensive recommendation system for e-
commerce established on geographic information systems and population information.
This graph is particularly worthwhile in the original phase of a proposal and assists in
determining the high order for improving work. An elaborated flow diagram is a tight-
upward view of the action, generally displaying the following steps. The diagram initiates
with the starting point, initially by data collection incorporating customer data from
direct interactions and demographic data acquired from community databases. This data
is then integrated and transformed to extract valuable information. User locations are
geocoded, and the data is analyzed to segment customers. Established on the consumer
understanding, customized recommendations are produced and presented on a map. The
flowchart methodology of this study is accessible in Fig. 6.
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Table 4 Sample dataset of population.

ID Label POP_5_60 POP_ADULT POP_CHOMAG POP_RURAL POP_URBAIN Population

1 KEBILI SUD 6,446 24,001 4,848.202 1,6475 13,972 30,447
2 KEBELI NORD 6,611 25,243 5,510.5469 18,009 13,845 31,854
3 SOUK EL AHED 6,140 21,725 4,373.2425 8,960 18,905 27,865
4 DOUZ SUD 3,872 14,693 2,684.4111 8,970 9,595 18,565
7 EL OMRANE SUPERIEUR 11,808 43,705 7,067.0985 0 55,513 55,513
45 FOUCHANA 13,117 61,751 9,009.4709 29,761 45,107 74,868
46 MORNAG 12,135 49,383 6,503.7411 22,990 38,528 61,518
75 EN-NADHOUR 6,292 24,074 4,978.5032 22,799 7,567 30,366
48 OUED ELLIL 13,292 56,025 9,255.33 11,466 57,851 69,317
49 MORNAGUIA 8,408 34,279 4,445.9863 22,853 19,834 42,687
50 BORJ AMRI 3,519 13,889 3,100.0248 10,889 6,519 17,408
51 DJEDEIDA 9,005 35,743 6,183.539 16,088 28,660 44,748
52 TEBOURBA 9,178 34,321 6,908.8173 15,954 27,545 43,499
53 EL BATTANE 4,055 14,922 2,656.116 12,524 6,453 18,977
54 NABEUL 14,884 58,244 5,970.01 2,691 70,437 73,128
55 DAR CHAABANE EL FEHRI 8,670 38,111 3,399.5012 4,641 42,140 46,781
56 BENI KHIAR 8,630 34,502 2,425.4906 6,450 36,682 43,132
57 KORBA 14,297 54,667 4,482.694 20,676 48,290 68,964
58 MENZEL TEMIME 14,588 51,057 4,120.2999 21,264 44,381 65,645
59 EL MIDA 6,016 20,979 1,602.7956 22,840 4,155 26,995
60 KELIBIA 12,041 46,450 5,504.325 6,581 51,910 58,491
69 HAMMAMET 18,475 79,380 10,335.276 24,619 73,236 97,855

Customer satisfaction and personalization
Figure 7 displays how customization and consumer satisfaction interact with an e-
commerce recommendation system. Consumer data input is the initial phase and the
basis for collecting customer data. Geographic and demographic information are the
two major categories into which this information falls. By tailoring regional preferences
and population density, geographic data help customize product recommendations
that are requested for a particular locality. Demographic data, such as age, income, and
family size, ensure that recommendations match the users’ lives and financial capabilities.
Customized suggestions result from combining these two data sources, boosting the
products’ appropriateness. Customers are more satisfied when they are involved with
these personalized recommendations, which pose engagement and loyalty. In addition
to upgrading the purchasing experience, data-driven personalization also produces
permanent relationships with customers and aid in the overall success of the e-commerce
platform.

Recommendation algorithms
The process of a composite recommendation system that incorporates collaborative
algorithms and content-based filtering is described as shown in Fig. 8. Customer pref-
erences and item specifics are the first information based on the customer profile data.
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Figure 3 Examples of data in the GeoJSON format.
Full-size DOI: 10.7717/peerjcs.2525/fig-3

Next, content-based filtering analyzes this data using TF-IDF and cosine similarity to
compare customer profiles to item attributes and make preparatory recommendations.
Equivalent to this, collaborative filtering explores user-item interrelationship data to
get similar populations and goods and then improves suggestions established on this
history of interactions. In the combined recommendation scores stage, the outcomes
of the two filtering techniques are combined, and the scores are incorporated through a
weighted average method. The peak products are presented in a catalog of recommended
products that the system creates based on the user’s interplay behaviors and preferences.
This schema allows a prominent model of how various recommendation systems may be
incorporated to offer personalized product recommendations.

Regional analysis algorithms
The recommendation system’s regional analysis algorithms are briefly condensed in Fig. 9.
The initial phase is named geographic filtering, which adjusts suggestions established on
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Figure 4 Population number map.
Full-size DOI: 10.7717/peerjcs.2525/fig-4

the user’s position and highlights localized products and agreements. Trend analysis is a
helpful tool that improves recommendations by identifying and incorporating popular
items and developing trends across various locations. To improve the precision and appli-
cation of suggestions, understanding from trend and geographic data are combined in the
Integrating with recommendation algorithms stage. This phase integrates both of these
procedures. Personalized and region-specific product recommendations are on condition
that the final product, improved recommendations, warrant that recommendations are
contextually appropriate and personalized to the customer’s local preferences.
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Figure 5 The preprocessing data of the geographic recommender system.
Full-size DOI: 10.7717/peerjcs.2525/fig-5
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Figure 6 Flow chart of approach.
Full-size DOI: 10.7717/peerjcs.2525/fig-6
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Figure 7 Customer satisfaction and personalization.
Full-size DOI: 10.7717/peerjcs.2525/fig-7

WEB APPLICATION AND EXPERIMENTAL RESULTS
This section describes the infrastructure, functionality, and performance of the web
application developed to meet specific user needs and business objectives. Data were
obtained from The National Institute of Statistics, Tunisia (https://www.ins.tn/en).

Web application
Overview of the interface interactive map
Figure 10 presents the stores’ position according to population when clicking the ‘‘view’’
button. The store offering the most products will be presented on the geographic maps.
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Figure 8 Overview of the combined recommendation algorithm.
Full-size DOI: 10.7717/peerjcs.2525/fig-8

Overview of the interface customer-product interaction analysis
Figure 11 presents the population-predicated customer product liaison analysis, and the
population data are interpreted into the INS site. The coloring deterioration in this figure
twists the roofing on the denseness of the population.

Overview of dashboard
Figure 12 is an overview of the dashboard, and we offer a count of products in the store.
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Figure 9 Overview of the regional analysis algorithms.
Full-size DOI: 10.7717/peerjcs.2525/fig-9

Figure 10 The interface of the button ‘‘view’’.
Full-size DOI: 10.7717/peerjcs.2525/fig-10

Product classification
Figure 13 offers interference customer behavior for each product in the store, along with
the catalog of accessible products, to aid the customer in choosing the product that sparks
the best benefit or is the most famous among customers.
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Figure 11 Population-based customer-product interaction analysis.
Full-size DOI: 10.7717/peerjcs.2525/fig-11

Figure 12 Overview of dashboard.
Full-size DOI: 10.7717/peerjcs.2525/fig-12

Experimental results
This section focuses on the results of test and evaluating the proposed system.

Impact of biases on predicted rating
Figure 14 demonstrates how divergence in product bias by andconsumer bias bx influence
the expected rating R̂xy is based on ‘Proposed architecture and mathematical formula-
tion’. The expected rating handle to grow as customer and product biases boost, reflecting
the composite impact of both biases, as the 3D surface figure illustrates. Higher ratings
are the effect of positive customer or product biases, while lower ratings are the outcome
of negative biases. This figure explains how consumer and product biases cooperate and
affect the recommendation system, providing viewers with a comprehension of how
modification of these elements ultimately affects the rating.

Impact of population intensity on predicted rating
Figure 15 displays the correlation between the anticipated rating R̂xy and population
intensity. A product’s population density, voiced in people per square kilometer, is
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Figure 13 Classification of products in the store.
Full-size DOI: 10.7717/peerjcs.2525/fig-13

Figure 14 Impact of customer bias and product bias on predicted rating.
Full-size DOI: 10.7717/peerjcs.2525/fig-14
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Figure 15 Effect of population intensity on predicted rating.
Full-size DOI: 10.7717/peerjcs.2525/fig-15

accounted for by the X-axis, and its expected rating is displayed on the Y -axis. As the
graph shows, enhanced population intensity results in a rise in the projected rating. This
tendency results from the model’s incorporation of a population intensity weight criteria
β scales with the location density of the product. The approach can enhance product
recommendations in more densely populated locations; lower population intensities
lead to lower anticipated ratings, whereas larger densities improve ratings. To ensure
that items are assessed more positively in locations with larger population densities, this
viewing demonstrates how geographical points impact the final recommendations.

DISCUSSION
We compared our system with present-day research in demographic and geographic
recommender systems to assess its effectiveness fully. Our results show that by merging
demographic and geographic data to offer better accurate suggestions, our model
complements and considerably boosts present methods. Geographic data is critical for
upgrading suggestion importance, corresponding to research by Nurcahya & Supriyanto
(2020) and Addagarla & Amalanathan (2021). Building on these findings, our method
further refines the system’s capacity to customize recommendations for particular
consumer groups by including demographic variables like age and income. Furthermore,
integrating Geographic Information Systems (GIS) in e-commerce recommendation
systems provides meaningful progress, supplying several approaches for customization
and precision. For example, studies Hussien, Rahma &Wahab (2021) and Kompan et al.
(2022) improve recommendations by linking them from benefit margins and contextual
factors, although Pleskach et al. (2023) and Yıldız, Güngör Şen & Işık (2023) highlight
personalized recommendations established on product features and visual characteristics.
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This dual priority on geographic and demographic information guides to considerable
advancement in performance compared to models that depend exclusively on a singular
type of characteristic.

However, these models often need to pay more attention to the impact of geographic
and demographic context. Our proposed geographic recommender system addresses
this gap by integrating spatial data, allowing location-aware recommendations that
consider user preferences and regional trends. This approach enhances the precision of
recommendations and aligns with local market demands and population characteristics.
Our model offers a more contextually relevant solution than traditional systems, allowing
businesses to tailor recommendations based on geographic and demographic insights.
This advancement leads to better-targeted marketing strategies and improved customer
satisfaction, setting our approach apart from existing models that primarily focus on
product attributes or user behavior without incorporating geographic context.

Nevertheless, these models repeatedly disregarded the impact of the demographic and
geographic environment. By including spatial data, our proposed geographic recom-
mender system concludes this space with favorable location-aware recommendations
considering user preferences and area trends. This method enhances suggestion accuracy
and fits the requirements of the local people and market. Our methodology delivers a
more contextually relevant solution than previous systems, enabling organizations to
personalize suggestions established on demographic and geographic data. Our method
diverges from current models that primarily concentrate on product characteristics or
user behavior without considering local context. This novelty resulted in better-targeted
marketing maneuvers and augmented consumer satisfaction.

Through our analysis, we found that the recommender system’s performance was more
substantially affected by geographic factors. Because the system was successfully tailored
to regional tendencies and customer requests, location-based customer preferences greatly
influenced buying decisions. This completed its potential for geography data to stand out
as the most important factor in upgrading the importance of product recommendations.
Nevertheless, demographic variables like age and income levels also greatly influenced
the system. These features were explicitly helpful in customizing product suggestions to
fit the tastes and purchasing models of several clientele groups, enhancing the system’s
customization level.

CONCLUSION AND FUTURE WORK
This paper presents a population-based geographic recommendation system to clarify
issues established in a study in this domain incorporating crucial elements such as
information collection, storage, preprocessing, analysis, visualization, and recommen-
dation engines; the system effectively utilizes demographic and geographic data to
offer highly customized recommendations. The results explain important progress in
recommendation accuracy and relevance similar to those of available systems. Notably,
the proposed system attains enhanced precision in aligning recommendations with user
preferences and leadership to improve customer satisfaction and engagement. These
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findings emphasize the system’s achievable importance and its ability to progress in e-
commerce. To offer better context, the system’s efficiency is apparent in its capability
to give better appropriate and customized recommendations, which directly translate
to enhanced customer experiences. The comparative study shows clear advantages over
other systems, emphasizing the novel character of this approach.

Future work could incorporate forward predictive form using artificial intelligence and
machine learning. Enrichment of the customer profiles and conducive multiple criteria
recommendations will enhance customization. Incorporating novel data sources, such as
social media and the Internet of Things (IoT) sensors, and enhancing longer instinctive
and interactive user interfaces will enhance the customer experience. This progress will
offer longer, more accurate customization and be of further importance to enterprises in
the e-commerce domain.
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