
 
 

 
 

 
J. Risk Financial Manag. 2022, 15, 424. https://doi.org/10.3390/jrfm15100424 www.mdpi.com/journal/jrfm 

Article 

Grocery Apps and Consumer Purchase Behavior: Application of 
Gaussian Mixture Model and Multi-Layer Perceptron Algorithm 
Aidin Salamzadeh 1, Pejman Ebrahimi 2,*, Maryam Soleimani 3 and Maria Fekete-Farkas 4,* 

1 Department of Business Management, Faculty of Management, University of Tehran, Tehran 141556311, Iran 
2 Doctoral School of Economic and Regional Sciences, Hungarian University of Agriculture and Life Sciences 

(MATE), 2100 Gödöllő, Hungary 
3 Department of Management, Economics and Accounting, Payame Noor University, Tehran 1599959515, Iran 
4 Institute of Agricultural and Food Economics, Hungarian University of Agriculture and Life Sciences 

(MATE), 2100 Gödöllő, Hungary 
* Correspondence: ebrahimi.pejman@stud.uni-mate.hu (P.E.); farkasne.fekete.maria@uni-mate.hu (M.F.-F.) 

Abstract: The purpose of this study is to investigate and compare the popularity of common gro-
cery apps in Hungary as well as Iran. The data were gathered from Iranian and Hungarian users 
who had at least one online purchase experience using a grocery app. A Gaussian mixture model 
(GMM) and multi-layer perceptron (MLP) are used as supervised and unsupervised machine 
learning algorithms with Python programming to cluster customers and predict consumer behav-
ior. The results revealed that Wolt in Hungary and Snappfood in Iran are the most popular grocery 
apps. Users in Iran are divided into three groups of users of app services and the type of full co-
variance has higher accuracy compared to the other three types (96%). Meanwhile, we found that 
the five apps used in Hungary have provided 95% accuracy from the users’ point of view based on 
the diagonal covariance. The MSE value (overfitting and cross-validation) is less than 0.1 in the 
MLP algorithm, which shows an acceptable amount of error. The results of overfitting indicate the 
proper fit of the MLP model. The findings of this study could be important for managers of online 
businesses. In the clustering section, the accuracy and value of consumer demographic information 
have been emphasized. Additionally, in the classification and prediction section, a kind of “cus-
tomization” has been performed with an emphasis on market segmentation. This research used 
GMM and MLP machine learning algorithms as a creative way to cluster and classify consumers. 

Keywords: consumer purchase behavior; grocery apps; machine learning; Gaussian mixture 
model; Multi-layer perceptron algorithm 
 

1. Introduction 
The usage of the internet and cell phones for commercial reasons between firms and 

individuals (B2C) has been quickly increasing around the world, as customers gain con-
fidence in receiving the intended goods and in the payment transaction (de Magalhães 
2021). The grocery and food retailing industry is no exception, as it has seen an unex-
pected increase in consumer base and expenditure on grocery products via online plat-
forms (Sreeram et al. 2017). According to market surveys, an increasing number of 
smartphone users and a growing number of young professionals are driving this change 
(Sreeram et al. 2017). The rise of mobile food shopping is a worldwide phenomenon 
(Kim 2021). 

With a turnover of USD 2 billion in 2021, Hungary is the 53rd largest e-commerce 
market, ahead of Kenya and behind Qatar. The Hungarian e-commerce market grew by 
23 percent in 2021, contributing to a global growth rate of 29 percent. E-commerce sales 
are continuing to rise. Between 2010 and 2021, Hungary’s share of online shoppers in-
creased considerably (Fekete-Farkas et al. 2021). By 2021, over 71% of consumers would 
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have done their shopping online. By 2025, the number of e-commerce users in Hungary is 
predicted to increase by 9% to 6 million (Statista 2022). Emag.hu is the largest player in 
the Hungarian e-commerce market. In 2021, the store brought in USD 253 million in 
revenue. Alza.hu has a revenue of USD 114 million, whereas tesco.hu has a revenue of 
USD 106 million. The top three stores in Hungary collectively account for 25% of all 
online income. As people purchase things using their mobile phones, smartphone apps 
have become a significant platform for them (Bruwer et al. 2021). According to simi-
larweb.com, the top food and drink apps in Hungary in 2021 were Foodpanda, Wolt, 
Cookpad, McDonald’s, and BURGER KING. There were some forecasts for the internet 
retail market in Iran for the years 2022–2025. By the end of 2022, e-commerce revenue is 
predicted to exceed USD 16,058 million. According to a Shoponlina.com analysis, reve-
nue is expected to grow at a CAGR of 28.86 percent from 2022 to 2025, resulting in a 
market volume of USD 34,361 million by 2025.  

In recent years, Iran has seen an increasing trend in the sphere of e-commerce. Iran 
has the second-largest online purchasing sector among the top ten emerging economies, 
according to a UNCTAD assessment from 2019. According to the survey, Iran is ranked 
42nd out of 152 nations in terms of e-commerce, up seven places from the previous year. 
Furthermore, according to recent reports from the Iranian Electronic Payments Corpora-
tion (Shaparak), electronic financial transactions in the country totaled nearly USD 23 
billion in 2022, up roughly 25% from 2021 figures. More than 87 percent of these transac-
tions included Iranian consumers purchasing products and services directly. Further-
more, according to a survey by the International Telecommunication Union, the number 
of smartphone users in Iran has increased dramatically in recent years. The most recent 
figure for 2020 is 127.62 million members, an increase of 8% over 2019. Iran is currently 
rated 12th out of 144 nations in this category. Fidilo, Snappfood, Jimomarket, Digikala, 
Delino are the top e-commerce businesses in Iran. 

The most popular online food or grocery applications in Iran are Mrtaster, Rayhoon, 
and Chilivery. Because people are becoming more reliant on mobile technology, retailers 
and manufacturers must grasp the function of mobile devices in purchasing as well as 
consumer attitudes toward app adoption in the retail setting (Llorens and Hernández 
2021). Several grocery stores have attempted to obtain a competitive advantage through 
online grocery retailing by attracting customers eager to buy food online (Kureshi and 
Thomas 2019). Customers can use retailer apps to acquire product information, compare 
products, buy, share information on social networks, redeem coupons, and locate stores, 
among other things (Flacandji and Vlad 2022). Customers enjoy some of these apps more 
than others. Retailers are investing a tremendous amount of money into mobile shopping 
to capitalize on its growing popularity (Bruwer et al. 2021). Several grocery stores have 
attempted to obtain a competitive advantage through online grocery retailing by at-
tracting clients who were willing to purchase groceries online. From a business stand-
point, online media offers various advantages as a distribution channel, including better 
accessibility, greater ease, and time savings (Kureshi and Thomas 2019).  

A review of past studies shows that several researchers have investigated the factors 
influencing the acceptance of online apps by consumers in online grocery retailing (de 
Magalhães 2021; Fagerstrøm et al. 2020; Driediger and Bhatiasevi 2019; Hallikainen et al. 
2022). Additionally, other industries (Andati et al. 2022) have been paying attention. In 
online retail, various apps have been provided by retail business owners in different 
countries, and there is fierce competition between them to gain more market share.  

In today’s highly competitive environment, business managers are forced to move 
towards entrepreneurship and use strategies to differentiate their business models. En-
trepreneurship is the process of launching a new venture or recombining the existing 
production model (Yi et al. 2022). In this direction, making special and user-friendly 
changes in grocery apps is considered one of the entrepreneurial and necessary actions. 
Therefore, businesses should focus on the most popular grocery apps in different coun-
tries and examine their unique features. Based on past studies, many variables can affect 
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consumers’ acceptance and willingness to use grocery apps. However, it is obvious that 
the most important factors affecting the choice of consumers have a higher priority, and 
these factors can be identified in the most popular grocery apps.  

In this research, identifying the most popular grocery apps in the two countries of 
Iran and Hungary can guide marketers and managers active in online grocery retailing in 
identifying the most important preferences of consumers in choosing grocery apps.  

In Hungary and Iran, there are a variety of grocery apps, but their popularity is not 
comparable. Examining consumers’ preferences for utilizing grocery apps can aid in the 
development of relevant marketing tactics to assist these applications in gaining market 
share. To establish successful tactics, marketers must consider consumer preferences. The 
goal of this research is to look into and compare the popularity of popular grocery ap-
plications in Hungary and Iran. 

2. Literature Review 
2.1. Consumer Purchase Behavior 

Recent breakthroughs in the field of IS, as well as the emergence of Web 2.0 tech-
nologies, have opened up new possibilities for electronic commerce (Maia et al. 2018). 
Online shopping is getting more popular, with sales increasing year after year 
(Dharmesti et al. 2019; Horst et al. 2021). People have begun to shop more online, a ten-
dency that began before the pandemic and has subsequently accelerated (Baarsma and 
Groenewegen 2021; Ebrahimi et al. 2021a). More consumers are turning to e-commerce to 
meet their grocery needs as a result of the pandemic, and this trend is projected to con-
tinue beyond the pandemic (Altay et al. 2022). From exposure to attitude to purchase in-
tention, mobile grocery shopping behavior is a consumer’s decision-making process 
(Kim 2021). In past research, the behavior of online consumers in accepting and using 
mobile applications has been investigated. For example, Pandey et al. (2021) emphasized 
the importance of convenience, aggressive discounts, app service quality, fulfillment, and 
multiple payment options. They have been confirmed as key factors in the adoption of 
food delivery apps. Additionally, the results of the research of Tandon et al. (2021) have 
shown that the attitude of consumers directly affects the desire to buy through food de-
livery apps. Andati et al. (2022) has also introduced farmers’ entrepreneurial orientation 
as a factor with different effects on climate-smart agriculture (CSA) adoption. Addition-
ally, they showed that other important factors in the adoption of CSA are gender, land 
size, trust in extension officers, household income, and farm characteristics. Hsu and 
Tang (2020) have also examined the key factors affecting mobile app stickiness. 

Consumer behavior in online grocery buying has been studied in the past. The re-
search in (Bruwer et al. 2021) analyzed the important aspects that influence grocery 
shopping adoption. Similarly, (Sreeram et al. 2017) employed an integrated model to in-
vestigate online grocery purchase intent and (Segovia et al. 2021) explored if the severity 
of the COVID-19 pandemic affected customer preferences for grocery shopping. Ac-
cording to the findings of (Kim 2021), South Korean consumers have positive sentiments 
toward mobile grocery shopping and other people’s opinions may affect their decision to 
utilize the services. The research in (Chakraborty 2019) investigated Indian shoppers’ at-
titudes toward grocery shopping apps, finding that attitude, perceived behavioral con-
trol, perceived usefulness, and perceived simplicity of use all have a positive and signif-
icant impact on intention. Subjective norms, on the other hand, do not affect intention. 
Additionally, (Chakraborty et al. 2022) looked at the underlying elements that influence a 
consumer’s behavioral intention (BI) to use and accept grocery apps and (Singh et al. 
2021) analyzed the antecedents of customer happiness and patronage intentions in the 
setting of e-grocery retailing via mobile applications.  

The results of research that is handled by Fagerstrøm et al. (2020), showed that In-
ternet of Things (IoT) services such as updated expiry date, aggregated national customer 
experience index, and personalized offers based on the product in the basket are among 
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the important factors that increase the likelihood of purchasing in retail and increases 
grocery shopping. Meanwgile, Hallikainen et al. (2022) also emphasized the importance 
of personalized price promotions as an effective online marketing tool to facilitate con-
sumer decision-making in online retail. Driediger and Bhatiasevi (2019) in Thailand have 
also shown that the factors of perceived ease of use, perceived usefulness, intention to 
use, subjective norm, and perceived enjoyment have a significant effect on the acceptance 
of online grocery shopping. Furthermore, de Magalhães (2021) has also examined the 
importance of factors that influence the final consumer’s decision in online grocery 
shopping.  

Likewise, Rinaldi et al. (2022) also showed that online delivery services can increase 
the availability and promotion of many unhealthy products. The review of the literature 
shows that past research has investigated the factors affecting the behavior of online 
consumers in the field of online apps in the retail industry as well as other industries, but 
there has been few past studies on the identification and comparison of the most popular 
online apps, especially grocery apps, which are of interest.  

In this research, the existing research gap has been considered by examining the 
most popular grocery apps in the two countries of Iran and Hungary. 

2.2. Grocery Shopping Mobile Apps 
Modifications in technology, and hence consumer habits, have increased online 

purchasing (Garcia et al. 2020). In growing regions, social media marketing, startups, and 
various web tools are increasingly important (Bouzari et al. 2021). In the midst of the new 
normal brought on by the coronavirus disease 2019 (COVID-19), mobile grocery shop-
ping apps have become a lifeline for many consumers who have chosen to shop safer 
(Bruwer et al. 2021). Due to imposed social distancing norms and limits on physical 
movement, online food, and grocery applications, as well as local grocery businesses, 
were sought (Menon et al. 2022). Grocery delivery services provide clients with immedi-
ate delivery of groceries and other commodities via an app that allows users to order and 
pay for things using secure payment methods from the comfort of their own homes 
(Altay et al. 2022).  

The rise of e-commerce (based on new media and online platforms) and, in particu-
lar, the introduction of online stores by traditional brick-and-mortar merchants (i.e., om-
nichannel retailing) has been one of the most disruptive advances in the area of market-
ing in recent decades (Ilyuk 2018; Khajeheian and Ebrahimi 2021). Because of their ca-
pacity to create a unique and satisfying user experience and help marketers win the war 
on the small-screen share, mobile applications are quickly becoming the most powerful 
digital marketing tools (Mondal and Chakrabarti 2021). Online grocery shopping, often 
known as online grocery shopping, is a type of e-commerce that allows private individ-
uals and corporations to purchase groceries and other household necessities from a va-
riety of firms (Driediger and Bhatiasevi 2019). The term “mobile grocery shopping ap-
plications” refers to a system of mobile applications (Al Amin et al. 2022).  

Grocery apps, with their simple registration process, product listings, rapid shop-
ping lists, real-time order tracking, and a variety of filters, meet the needs of customers, 
ensuring a pleasant shopping experience (Chakraborty et al. 2022). Customers can order 
a variety of grocery items and have them delivered to their homes (Al Amin et al. 2022). 
Consumer views in the context of e-grocery retailing using mobile applications have been 
studied previously (Chakraborty 2019; Kim 2021). 
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2.3. Application of Machine Learning in e-Commerce 
Two of the most widely utilized AI approaches are machine learning and deep 

learning. These models are used by individuals, organizations, and government agencies 
to anticipate and learn from data (Ebrahimi et al. 2022b, 2022d; Pallathadka et al. 2021) 
Virtual assistance solutions are powered by machine learning, which combines numer-
ous deep learning models to give appropriate context and analyze spoken speech. We 
can now live happier, healthier, and more productive lives thanks to machine learning 
(Jagtap et al. 2022).  

Data are often consumed and processed by machine learning algorithms to learn 
relevant patterns about individuals, corporate processes, transactions, events, etc. (Sarker 
2021). E-commerce companies began to plan to develop intelligent customer care teams 
and to achieve the effect of customer service and user communication by using machine 
learning algorithms to replicate people’s thinking. The popularity of deep learning 
technology has accelerated the development of intelligent customer support teams in 
e-commerce (Zhou 2020). In e-commerce enterprises, machine learning (ML) is critical for 
fraud detection, prevention, and mitigation. Microsoft, LinkedIn, and eBay are 
well-known examples (Tax et al. 2021). 

3. Methodology 
Machine learning is divided into two different approaches: a. supervised learning 

algorithms (such as k-nearest neighbors, decision tree, stochastic gradient descent, naïve 
bayes, support vector machines (SVRs), neural network models, etc.) and b. unsuper-
vised learning algorithms (k-means, mean shift, hierarchical, DBSCAN, BIRCH, Gaussian 
mixture model, support vector machines (SVCs), etc.). The following are the various 
stages of the present investigation included in the machine learning approach (Ebrahimi 
et al. 2022c): 
(1). Import the data; 
(2). Data preprocessing; 
(3). Split the data into training and testing data; 
(4). Create a model; 
(5). Train the model; 
(6). Model clustering/Model prediction; 
(7). Accuracy of the model. 

3.1. Gaussian Mixture Model Algorithm 
A Gaussian mixture model (GMM) is a probabilistic model for data clustering that 

considers all data points to be derived from a mixture of a finite Gaussian distribution 
with unknown parameters. The commonly used clustering approaches, such as k-means 
and fuzzy c-means, are distance based. While GMM is based on a probability model ra-
ther than an objective function of distance measures. GMM assumes that the dataset fol-
lows a mixture model of probability distributions so that each cluster is represented by a 
parametric probability density and the entire cluster structure can be modeled by a finite 
mixture (Ni et al. 2020). Mathematically, GMM is defined as a parametric probability 
density function that can be represented as a weighted sum of k Gaussian components. 
Each component is characterized by a simple parametric form. The GMM can be written 
as (Equation (1)), 

𝑝  (𝑥) =  ∑ ∝  𝑝(𝑥|𝜇 , Σ )  (1)

where 𝑝(𝑥|𝜇 , Σ ) is known as the j-th components of the mixture with μi and Σi, and ∝  
is called the mixture coefficient and must satisfy 0 ≤∝ ≤ 1  together with ∑ ∝ = 1. 

In GMM, the probability density function is Gaussian distribution defined as follows 
(Equation (2)), 
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p(x) = 
( ) / [ ] / 𝑒 ( ) ∑ ( ) (2)

3.2. Multi-Layer Perceptron Algorithm 
An artificial neural network (ANN) is a sophisticated system that functions in a 

manner close to the human brain and its nervous system (Desai and Shah 2021). ANNs 
are warning devices containing layers of computing nodes with extraordinary infor-
mation processing characteristics. They are capable to sense nonlinearities that are not 
unequivocally originated as inputs and assembling them capable of learning and malle-
ability. They acquire high parallelism, stoutness, simplification, and noise lenience, 
which make them capable of clustering, function approximation, forecasting, association, 
and performing particularly parallel multifactorial analysis for modeling complex pat-
terns, where there is little a priori knowledge (Rana et al. 2018). Multi-layer perceptrons 
(MLPs) are regarded as the most practical and widely used ANNs, compared to the other 
types. The backpropagation algorithm is utilized for training MLPs, and they are known 
as feedforward neural tools and general approximators. Through the use of computa-
tional units termed “neurons,” MLPs are approximately able to anticipate each in-
put–output PlanX (Xu et al. 2022).  

3.3. Sample and Data Collection 
In this research, the statistical population comprised Iranian and Hungarian users 

on online social platforms who made a minimum of one purchase online from grocery 
apps. The questionnaire was used to obtain information on the demographic data (sex, edu-
cation, age, experience with online purchases, and experience with using grocery apps). 

First, the demographic questionnaire of the present study was prepared with the 
help of Google Forum as an online link. The questionnaire was prepared as two separate 
links in both Hungarian and Persian languages. The questionnaire link in Iran was 
shared through online social media platforms such as Instagram and WhatsApp, and 349 
completed questionnaires were received through the Google Forum panel in total. In 
Hungary, the questionnaire was shared through the Facebook platform and by posting 
links in the available Facebook groups, and 366 completed questionnaires were received 
in total. The reason for sharing the questionnaire on the mentioned platforms was their 
popularity and applicability. In Hungary, according to the authors’ experience, the use of 
Facebook is much higher than other online social platforms and has a better response 
rate. In Iran, however, the Instagram platform is very popular and data collection is done 
through this media with higher speed and quality. The WhatsApp platform is also very 
popular in Iran. It is also interesting to note that in Iran, the Facebook platform is filtered 
by the government and there is no possibility of direct access to this media, so the re-
searchers avoided sharing the questionnaire link in this media in Iran. Telegram media is 
also filtered in Iran, and despite the high popularity of this media in Iran, the sharing of 
questionnaires in this media was stopped. Finally, all the received data are translated into 
English in the form of two separate files and used in the analysis. 

In the current investigation, data are gathered by the convenience sampling ap-
proach, whereas this is a widespread method in quantitative research to eliminate bias 
(Alshurideh et al. 2020; Ebrahimi et al. 2021b). Besides, the common method bias (CMB) 
test (Podsakoff et al. 2003) is applied here. 

In the sample from Iran, 50.4% of the respondents were men and 49.6% of the re-
spondents were females. These statistics were 44.5% for men and 55.5% for women in 
Hungary. Additionally, in terms of education in the sample related to Iran, a plurality of 
the respondents (37.5%, 131 users) had a bachelor’s degree, and 34.1% of the respondents 
(119 users) had a diploma or lower. In the Hungarian sample, the number of respondents 
with a diploma (38%) or lower was higher, followed by a bachelor’s degree (34.2%) in 
second place.  
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In terms of age, the highest frequency of age in Iran was 30 years old (9.5% of re-
spondents) and in Hungary, 22 years old (11%) had the highest frequency. In general, in 
Iran, 37.8% of respondents were aged 30 years old or younger, and in Hungary, this fig-
ure was 39.9%. In terms of online shopping experience from grocery apps in Iran, 45.6% 
of respondents have used these services for at least 2 years. In Hungary, 23.5% of re-
spondents have been using the online shopping services from grocery apps for at least 4 
years. In Iran, Snappfood is 78.5% popular with respondents and has been the most 
popular app. In Hungary, Wolt was 63.1% more popular than its competitors, followed 
by Foodpanda with 22.1%. Figures 1 and 2 also share interesting information in the form 
of pair plots and comparisons of demographic information. 

 
Figure 1. The pair plot of the respondents’ demographic data in Iran (source: authors’ calculations 
based on Python programming; Seaborn package; VS Code editor). 
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Figure 2. The pair plot of the respondents’ demographic data in Hungary (source: authors’ calcu-
lations based on Python programming; Seaborn package; VS Code editor). 

4. Results 
In this research, the GMM algorithm was used to cluster grocery apps in Iran and 

Hungary. Respondents were examined in terms of demographic characteristics such as 
age, education, gender, experience with online purchases, and experience with using 
grocery apps.  

The accuracy of the model was evaluated in both algorithms. We used the GMM 
model to cluster different grocery apps in Iran and Hungary. In the case of the GMM 
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algorithm, data preprocessing was initially performed on the input data, and the data did 
not have a problem with missing data values. In the next step, the first model was created 
and fitted with the data. The GMM model in terms of covariance (full, tied, diagonal, 
spherical) has four different types, and according to Figures 1 and 2, the accuracy of the 
model has been examined with all four types.  

__________________________________________________________________________ 
Code 1. Model accuracy based on covariance type in GMM algorithm: 
test_accuracy = [] 
train_accuracy = [] 
covariance_type = [] 
for i in [“full”, “tied”, “diag”, “spherical”]: 
  model = GaussianMixture(covariance_type = i, n_components = 3 #5, random_state = 0)  
  model.fit(x_train, y_train) 
  y_predict = model.predict(x_test) 
  score = accuracy_score(y_test, y_predict) 
  test_accuracy.append(model.score(x_test, y_test)) 
  train_accuracy.append(model.score(x_train, y_train)) 
  covariance_type.append(i) 
_________________________________________________________________________ 

Figure 1 shows that users in Iran are divided into three groups of users of app ser-
vices and the full covariance has higher accuracy than the other three types (96%). 
However, both diagonal and tied covariances have provided more than 90% accuracy, 
which is acceptable. Looking at Figure 2, we find that the five apps used in Hungary have 
provided 95% accuracy from the users’ point of view based on the diagonal covariance, 
and the other types of covariance provided lower accuracy for the Hungarian data. In 
general, the classification of apps in both Hungary and Iran was performed with ac-
ceptable accuracy. The results confirmed that the high popularity of Wolt app in Hun-
gary and the Snappfood app in Iran can be accepted with high accuracy. 

In the next step, we used the MLP model to predict consumer behavior based on 
different grocery apps in Iran and Hungary. The data were fitted to the model in the form 
of testing and training data. The model was trained to be able to make predictions based 
on consumer demographic information.  
__________________________________________________________________________ 
Code 2. Prediction based on MLP model 
model = MLPRegressor(hidden_layer_sizes = (30, 40), activation = ‘relu’, solver = ‘adam’) 
model.fit(x, y) 
prediction = model.predict([[1, 3, 39, 5, 3], [2, 3, 20, 2, 2]]) 
__________________________________________________________________________ 

For example, two random data were tested to perform the prediction model. Two 
identical test data were tested for both Iran and Hungary. Data with codes [1, 3, 39, 5, 3], 
[2, 3, 20, 2, 2] were presented to the model in [“Gender”, “Education”, “Age”, “Experi-
ence to purchase online”, “Experience to use grocery apps”] format. The first data were 
related to a 39-year-old man with a bachelor’s degree, who assumed that he had used 
online shopping for 5 years and had 3 years of experience using grocery apps. In this 
case, the algorithm was fitted with the data of Iran and Hungary, and the results show 
that this consumer is more likely to use Snappfood in Iran and Wolt in Hungary than 
other options. Similarly, the second model for a female consumer with twenty years of 
age and two years of experience in online shopping and buying from the grocery app 
shows that this consumer is more likely to buy from Snappfood in Iran and Foodpanda in 
Hungary.  

To test overfitting, we used cross-validation and mean square error (MSE) criteria. 
MSE value is less than 0.1 in the MLP algorithm which can show an acceptable amount of 
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error. The results of the overfitting tests indicate the proper fit of the MLP model (all 
accuracy values are around 0.88 to 0.95).  
_________________________________________________________________________ 
Code 3. Cross validation and overfitting 
# cross validation and overfitting 
reg = MLPRegressor() 
cv_score = cross_val_score(reg, x, y, cv = 5) 
mse = np.mean(cv_score) 
print(“cross validation mse is: “, abs(mse)) 
clf = MLPRegressor(hidden_layer_sizes = ( 
  30, 40), activation = ‘relu’, solver = ‘adam’) 
scores = cross_val_score(clf, x, y, cv=5) 
print(f”Score is: {scores}”) 
________________________________________________________________________ 

Figures 3 and 4 show the accuracy of the models in terms of testing and training data 
for the GMM algorithm. The accuracy of the model is more than 80%, which is an ac-
ceptable amount. 

As the results in the descriptive section showed, in Iran, Snappfood is far ahead of 
other competitors. However, in Hungary, competition between Wolt and Foodpanda has 
increased. Although the current research sample in Hungary shows more Wolt custom-
ers, it should be noted that Foodpanda has less history in Hungary and has reached ac-
ceptable popularity in a short time, while it has started a wide advertisement campaign. 
For this reason, we have made a comparison between these two apps in Hungary and we 
expect to know how correct our classification is and how the classification machine has 
detected it. Hence, we used confusion matrix, accuracy, precision, recall (sensitivity), and 
F1 score criteria. A confusion matrix is based on number of correct and incorrect predic-
tions made by a classifier (in our case: Wolt and Foodpanda). It is used to measure the 
performance of a classification model. It can be used to assess the performance of a clas-
sification model through the calculation of performance metrics such as accuracy (Equa-
tion (3)), precision (Equation (4)), recall (Equation (5)), and F1 score (Equation (6)). In the 
below formula, Tp is the true positive rate, Tn is the true negative rate, Fp is the false 
positive rate, and Fn is the false negative rate. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑝 + 𝑇𝑛

𝑇𝑝 + 𝑇𝑛 + 𝐹𝑝 + 𝐹𝑛
 (3)

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑝

𝑇𝑝 + 𝐹𝑝
 (4)

𝑅𝑒𝑐𝑎𝑙𝑙 (𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦) =
𝑇𝑝

𝑇𝑝 + 𝐹𝑛
 (5)

𝐹1 𝑠𝑐𝑜𝑟𝑒 = 2 ∗
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (6)
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Figure 3. GMM algorithm output based on Iran data (source: authors’ calculations based on Python 
programming). 
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Figure 4. GMM algorithm output based on Hungary data (source: authors’ calculations based on 
Python programming). 
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______________________________________________________________ 
Code 4. Confusion matrix, ROC curve and AUC 
from sklearn.metrics import confusion_matrix, classification_report 
from sklearn.metrics import roc_curve 
print(confusion_matrix(y_test, labels)) 
print(classification_report(y_test, labels)) 
labels_prob = model.predict_proba(x_test)[:, 1] 
fpr, tpr, thresholds = roc_curve(labels, labels_prob) 
print(f” AUC is: {roc_auc_score(labels, labels_prob)}”) 
______________________________________________________________ 
Note: ROC, receiver operating characteristic; AUC, area under the ROC curve. 

Calculations were performed in Python based on 0.3 test data. Finally, the confusion 
matrix = ([70, 1], [2, 21]) result is calculated. A high total precision indicates not many true 
classifications (Wolt and Foodpanda) predicted incorrectly. Meanwhile, a high sensitivity 
indicates that most different grocery apps were predicted correctly. The AUC coefficient 
is 0.98, which is a suitable amount and shows probability. The plot of the ROC curve is 
shown in Table 1 and Figure 5. 

Table 1. Confusion matrix result. 

 Precision Recall (Sensitivity) F1 Score Support 
Wolt (0) 0.97 0.98 0.97 71 

Foodpanda (1) 0.95 0.91 0.92 23 
Average/Total 0.96 0.94 0.94 94 

 
Figure 5. Plot of ROC Curve (Source: authors’ calculations based on Python programming/VS 
code). 
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5. Discussion 
This research was conducted with the aim of identifying the most popular grocery 

apps among consumers in Iran and Hungary. Identifying the most popular grocery apps 
is an important topic that can be used in benchmarking by marketers that has not been 
considered in past research. The results of this research identify the successful patterns of 
grocery apps in Iran and Hungary and emphasize the necessity of conducting more 
studies on the unique features of these apps. 

In previous research, identifying the popularity of grocery apps in different coun-
tries has not been considered, but the positive attitude of South Korean consumers to-
wards grocery apps in the research by Kim (2021) has been confirmed. Additionally, the 
effect of attitude, perceived behavioral control, perceived usefulness, perceived ease of 
use (Ebrahimi et al. 2022a; Driediger and Bhatiasevi 2019), perceived enjoyment, facili-
tating conditions, relative advantage, real-time search and evaluation, and subjective 
norms (Chakraborty 2019; Chakraborty et al. 2022) on the tendency to use grocery apps 
has been confirmed in previous research. In Fagerstrøm et al. (2020), the positive impact 
of IoT Services on the likelihood of buying based on information from the app in a retail 
grocery shopping situation was confirmed. Furthermore, Hallikainen et al. (2022) con-
firmed the positive effect of personalized price promotions on consumer purchasing de-
cisions in online grocery. In addition, intention to use has been emphasized as an im-
portant factor in the acceptance of online grocery shopping in Thailand (Driediger and 
Bhatiasevi 2019). 

6. Conclusions 
The purpose of this study was to investigate the popularity of grocery apps among 

users in Iran and Hungary. The results showed that Wolt in Hungary and Snappfood in 
Iran are the most popular grocery apps. Based on this, it can be said that Wolt and 
Snappfood’s business models are successful models for grocery apps in Hungary and 
Iran. Therefore, other grocery apps can improve their business models by emulating 
these applications. 

Other results showed that the choice of grocery app by consumers in Hungary and 
Iran is influenced by demographic variables (gender, age, education, etc.) as well as the 
online shopping experience through grocery apps. Thus, segmenting consumers based 
on demographic variables and target market selection can facilitate marketers’ effective 
access to the right consumers. In this manner, grocery app marketers can customize their 
products and services to fit the characteristics of their target audience. 

Considering that this research has identified Wolt and Snappfood as the most pop-
ular grocery apps in Hungary and Iran, it is obvious that future research should examine 
the unique features of these grocery apps. The features that have made these grocery 
apps popular among consumers express the preferences of consumers in these two 
countries. In addition, the comparison of the features of the most popular grocery apps in 
different countries leads future studies toward research aimed at identifying the cultural, 
demographic, social, and other factors that influence the choice of grocery apps in those 
countries. These studies can lead to the identification of macro variables that determine 
the differences in the behavior of consumers of different societies. 

6.1. Managerial Implication 
From a managerial perspective, this research has provided valuable results. In fact, 

in the clustering section, the accuracy and value of consumer demographic information 
have been emphasized. Additionally, in the classification and prediction section, a kind 
of “customization” has been done with an emphasis on market segmentation. Marketing 
managers can present different plans and strategies based on age, gender, education 
groups, etc., based on machine learning algorithms. One of the most important findings 
of this research is the emphasis on customization as an important keyword in consumer 
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behavior. Today, the value of information received from consumers is very high and 
determines the future strategies and plans of grocery apps, startups, and online sellers.  

6.2. Limitations and Suggestions 
It should be mentioned that the respondents in this research answered the demo-

graphic questions according to their experiences of using different grocery apps in Iran 
and Hungary, and different results and/or experiences can be observed in other countries 
and/or cultures. Algorithms of the present research have a high potential for develop-
ment and promotion. Thus, future researchers are recommended to develop the model 
by other demographic attributes of consumers. Other variables or attributes of the con-
sumer can be added to the research model to better predict the grocery apps. In future 
research, it is also recommended to use other machine learning supervised or unsuper-
vised algorithms. 

Future researchers are also encouraged to use the current research model (MLP 
model) in different countries for comparison. In particular, the consumer behavior pre-
diction model can provide interesting comparative results in different countries. 
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