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Abstract: Owing to constant changes in user needs, new technologies have been introduced to keep pace by building sustainable applications. Researchers and practitioners are keen to understand the factors that create an attractive user interface. Although the use of cross-platform applications and services is increasing, limited research has examined and evaluated cross-platforms for developing mobile applications for different operating systems. This study evaluates cross-platform features, identifying the main factors that help to create an attractive user adaptation when building sustainable applications for both Android and iOS. Flutter and React Native were selected so end-users could test their features using the cross-platform usability assessment model. Usability, satisfaction, and navigation were tested to measure the cross-platform adaptation and end-user experience. The data were analyzed using hybrid structural equation modeling (SEM) and artificial neural network (ANN) approaches. The study results show that usability and navigation both have a positive effect on adaptation on Flutter and React Native, while satisfaction only has an effect on Flutter. The navigation variable was also the most significant predictor of adaptation for both models. This study has several implications and makes contributions to the research field, to developers, and to end-users.
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1  Introduction

With today’s diversification of mobile device operating systems, the use of applications has increased in daily life. Keeping pace with the application market is therefore urgently needed, along with cross-platform work to build applications that work in different operating systems, such as Android and iOS. In this study, we use the term “cross-platform” to refer to a development environment in which the user interface code is written once only and runs in different operating systems [1]. We use the term “user experience “to emphasize user experience when interacting with cross-platform applications in different operating systems. Significant improvements are needed in the technology industry in the mobile cross-platform development market [2]. In addition, a major shift is occurring regarding valuing the experiences of users and adaptation and investing more to make user experiences much more effective through using sustainable applications and programs [3]. However, despite growing interest in industry and academia, research is still lacking on improving and designing the user experience, [4,5]. On the other hand, companies are beginning to adapt to users’ versatile patterns by perceiving what is required in mobile applications. Mobile phones are being widely used by almost every individual in the world [2,4,6].

The use of mobile applications has clearly increased in recent years. By 2026, mobile advertising and the cross-platform market are projected to be worth USD 150 billion [7]. Consequently, more sustainable and interactive mobile applications are required to stay ahead of this trend. In parallel, the new shift to an emphasis on user experience (UX) has focused primarily on product design and evaluation [8]. As many basic mobile platforms, such as iOS, Android, Windows, etc., are operating in different development environments, the concept of a unified user experience is becoming increasingly mind-boggling and expensive. The challenge is to find an answer that enables the deployment of a single software development kit (SDK) tool in various operating systems to maintain similar performance on different devices.

In software engineering and human–computer interaction (HCI) disciplines, the user experience design focuses on the overall user experience, not on a case-by-case basis on alternative user interfaces [9]. Human beings are social by nature, with our emotions and pleasures closely related to social contexts. With the advent of social services, the need to design for social contexts increases. User experience should therefore be expanded to include the social experience [10], with this being user experience in the social context. The social experience has many unique features not noticeable within the user experience [9]. Furthermore, human behavior is a popular subject in behavioral economics, with it considered to enhance the innovative user experience [6]. Behavioral economics addresses that part of the economy that uses social cognitive and emotional factors to understand consumers’ economic decisions [8]. The current study suggests that interactive design creates user experience that involves active users as participants in sustainability practices. This adaptive design could theoretically confirm the user experience.

The suggested solution in this study is to build a mobile cross-platform to keep up with the speed of application development, creating a united user experience and sustainable adaptation for all devices. In this solution, code only needs to be written once. This means reductions in time and effort as the code, although written once only, will target multiple devices, while the user interface also only needs to be designed once. This study provides a comparison across existing platforms. Firstly, it provides an explanation of the most popular existing cross-platforms. Secondly, it tests the features of each cross-platform. Finally, it concludes by making a comparison of user perceptions and adaptation behavior for each of these two platforms, namely, Flutter and React Native. These two platforms are currently the most widely used by developers, as shown in Fig. 1 [11].
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Figure 1: Cross-platform mobile frameworks used by software developers worldwide. Source: Statista [11]

Studies are lacking on comparisons of different mobile devices (e.g., Android and iOS phones) in terms of user experience and adaptation. Furthermore, limited studies have addressed enhancement and user testing of user experience for mobile devices [5,10]. Therefore, the current study seeks to fill this gap, aiming to examine the main factors that help to create a sustainable user experience through the most common cross-platforms, namely, Flutter and React Native. This study also contributes to the HCI research by exploring and analyzing the different factors of cross-platform adaptation using both structural equation modeling (SEM) and artificial neural network (ANN) approaches. This kind of hybrid approach is scarce in the literature.

This paper is organized as follows. Sections 2 and 3 present an overview of user experience, HCI, and mobile cross-platforms. Section 4 describes cross-platform assessment models and the study’s methodology. Section 5 describes the analysis of both SEM and ANN evaluation models. Section 6 discusses the study’s results, while Section 7 provides the study’s implications and its contributions. Finally, Section 8 presents the conclusion along with the study’s limitations and future opportunities.

2  User Experience (UX) and Human–Computer Interaction (HCI)

User experience is “about creating a meaningful experience through a device” [12]. It is not only about design interfaces or technology but is also about “our quality of life by designing for pleasure” [13]. The “user experience (UX)” term has influenced the design of user interaction for two decades, while indicating a move away from the interface between the computer and the human being towards the design of high-level interaction [14]. Since the 1990 s, user experience has been progressively embraced as a tool for assessing the quality of human–product interactions [14]. For example, in 1996, Alben [15] were the first to propose the notion of user experience as: “the way the product feels in hands, how well users understand how it works, how users feel about it while they're using it, how well the product serves users’ purposes, and how well the product fits into the entire context in which users are using it.”

Previous user experience studies have sought to convince the HCI community to focus more attention on users’ internal state. User experience is an area of software development and research with design developing human-friendly user interfaces [8]. The HCI community should therefore expand its methodological practice to take full advantage of these resources. The HCI field has a long history of integrating methodologies from different disciplines, most of which are concerned with the social sciences [16]. In any case, HCI and related controls are not used to manage experiences. Human–computer interaction (HCI) emerged from coordinated efforts between software engineering and psychology, of which the academic elements of both are more comfortable with the laboratory rather than the outside world. This coordination was more toward practical documentation of personal computer (PC) and human interaction rather than toward user experience [17]. Against this foundation, it may merit taking a look at the rise of enthusiasm for involvement in innovation and how HCI currently understands user experience. It is essential that HCI engages with topics related to the user’s interface experience, addressing issues such as feelings, elucidation and satisfaction [8,14].

3  Cross-Platform and User Experience

Different terms have been used in the literature to describe the interactive cross-platform. Studies [18–21] have used the term “multiple user interfaces (MUIs)” which describe user services and information from different software and hardware. Other terms include “distributed user interface (DUI)” [22,23] and “multiple platform user interface” [24,25]. The term “cross-platform service” is used by Majrashi et al. [5] who define “cross-platform” as a set of user interfaces for a single service on diverse computational platforms.

Existing studies contribute to HCI research by presenting and addressing issues related to cross-platform systems and applications. These issues include the challenges and opportunities of designing an interactive cross-platform [26,27]; terminologies and trends in cross-devices [25,28]; designing the development of multi-application and users’ interface experience [29–32]; and evaluation and comparison of cross-platform mobile applications and tools [33,34]. Limited studies have explored and assessed cross-platform user experiences [5,10,14,35]. Most of these studies have not conducted comprehensive user experience and perceptions testing. The current study contributes to the body of knowledge by identifying and examining a mobile cross-platform with user perceptions and testing.

The present study differs from the previous research, and the key differences are highlighted. Firstly, most previous studies are technical in nature, focusing on design science and software engineering. These studies focused on the compression of cross-platform frameworks [25,33], designing user interfaces [29,30], and evaluation performance [22,32].

Secondly, existing studies did not test or consider users’ perceptions and behaviour toward use or adoption. Although limited studies addressed users’ beliefs and experiences about cross-platform mobile technologies, no theoretical models have been developed yet and empirically tested to better understand the user experience of cross-platform mobile. A study by Biørn-Hansen et al. [10] is limited survey-based research based on an online questionnaire that studied users’ perceptions of user experience. The research [10] focused on pointing out some issues from the industry perspective, such as popularity and adoption, which differs from the perspective of this study. Furthermore, Angulo and Ferre [35] presented a questionnaire-based study to test user experience from the developer perspective using different frameworks, which is also diverse from our work.

Finally, this study uses a different technique to collect data, which is different from previous studies. In addition, different data analysis techniques were used in cross-platform mobile literature. For example, Majrashi et al. [5] analysed measures to test user satisfaction of cross-platform usability using think-aloud protocol and observations. Feng and Wei [14] used the AttrakDiff questionnaire method to evaluate the user experience of the app on iOS and Android platforms. The same study used the UX Curve and coordinate planes method to assess the quantitative data on how users’ experience with the mobile app has changed over time. To the best of our knowledge, this study is the first effort to use dual-approach analysis (SEM-ANN) in the context of cross-platform mobile.

4  Methodology

4.1 Measurement Factors and Hypotheses

This study develops a user experience cross-platform model, as shown in Fig. 2. The model adopts three measurable factors of adaptation: usability, satisfaction, and navigation. These variables have been identified as the most cross-platform user experience metrics [5,14,36–38]. Tab. 1 presents the overview of the measurement factors of the proposed model.
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Figure 2: Cross-platform user experience measurement model
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Information access via mobile phones provides rich opportunities to companies, enabling them to reach their customer base at a much more extensive level [13]. Nonetheless, this wide access presents organizations with new difficulties; they need to build their sites so they can be adequately accessed by mobile phones. Djamasbi et al. [37] show that: “ease of use look[s] into remaining aggressive in the commercial center [and] expects organizations to give better client experience [through] their applications.” We hypothesized that:

H1: The usability of mobile devices on cross-platforms will positively impact on the user experience.

Satisfaction aims to enable the user to make better decisions. Users can provide ratings, criticize items, assign weights to an item’s features, or indicate their own needs. The system draws suggestions by comparing user tendencies with the most prominent elements of the catalog or other users’ preferences [5]. Therefore, we hypothesized that:

H2: User satisfaction will be positively enhanced by the experience of building apps using a cross-platform.

Navigation allows the user to move from one page to another through buttons, text, or an image in a flexible and easy way; sometimes, navigation contains animation. In product design, a feature should not be added to the product simply because it is easy and cheap to implement, or because the designer thinks it is a good idea. The most important part of the design process is to provide the user with a real usage context. For mobile phones, this means users need to be able to touch the buttons and see software that feels like it is working [33]. Therefore, the process needs to provide the user with the real usage context.

H3: The more flexible the navigation, the better the user experience.

4.2 Cross-Platform Assessment Model

This study uses the novel cross-platform usability assessment model developed by Majrashi et al. [5]. This model has been developed to enable quantification and identification of cross-platform usability issues (see Fig. 3). As this model has been evaluated and its variability has been confirmed in studying the usability of mobile cross-platforms, it is suitable for adoption in the current study in the same context. The key model parts developed for this study are discussed in the following sub-sections. Section 4.2.1 describes the horizontal tasks. Section 4.2.2 explains the data collection techniques. Section 4.2.3 identifies the cross-platform user experience scales.
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Figure 3: Cross-platform usability assessment model [5]

4.2.1 Horizontal Tasks

We divided cross-platform tasks into two subtasks (case studies), each of which was conducted using a specific operating system and user interface [5,38]. In the current study, we provided two case studies developed on the cross-platforms of most interest for mobile applications, namely, React Native and Flutter [11,40,41]. Flutter is an open-source framework which is a collection of widgets for what is seen, such as views or user interface (UI) elements [41]. These widgets in Flutter comprise a modern framework. The UI is created from the widgets by developers: these widgets can represent what their view should look like, given their current configuration and state. All applications in Flutter are programmed using Dart language for both UI and base code. React Native was introduced by Facebook in 2015. Aimed at solving the above-mentioned problem, it is an open-source cross-platform based on the JavaScript framework [40]. Due to its efficient development process, as well as its simplicity and ease of use, the React Native framework is extensively used by developers [40].

This study is focused on evaluating the user experience with mobile interfaces that facilitate preferences and on the user experience when users need multiple systems, attempting to improve current mobile interfaces. We proposed an online shopping application to support various systems, helping users to select their preferred options, such as the information shown and payment method. Developing the UI elements is done by default on both Android and iOS systems. These elements include text, image, scrolling, navigation, layout, list, buttons, sync, touchable highlight, and research capacity (see Fig. 4). Users were asked to test and do tasks in these elements to test their perceptions of usability, satisfaction, navigation, and adaptation.

[image: images]

Figure 4: Flutter scrolling (up); React Native sync (bottom) UI element examples

4.2.2 Data Collection Procedure

This section describes the data collection design process used in this study. The data collection procedure includes the sampling technique and the targeted population. Studies have shown that questionnaires are a valuable technique for cross-platform usability engineering when evaluating the cross-platform user experience [5,10,14,35,39,42]. We designed this study to capture the opinions and impressions of end-users.

Initially, the study’s target population was 100 participants, all of whom were students from the College of Computer, Qassim University. Owing to the current pandemic conditions (due to the coronavirus [COVID-19]), a meeting was held, using the Zoom application, to determine whether potential participants were immune deficient. As a result, 20 users were excluded from the study for their safety. The remaining 80 participants were divided into eight groups, each group consisting of 10 users. A computer lab was the location for the experiment, taking an hour to perform the experiment for each group. In total, 48 participants (60%) were female and 32 participants (40%) were male, with 63% using iOS and 37% using Android mobile phones.

4.2.3 Cross-Platform User Experience Scales

In exploring user experience, questionnaires are commonly used to collect demographic data about participants. They can also be used for gauging subjective reactions to the use of interfaces, these being data that are hard to measure objectively [43]. Firstly, pre-test questionnaires were used to collect demographic data about participants and their levels of expertise in computers, such as the Internet, and regarding the tested proposed system. Secondly, post-task questionnaires were utilized after completing each platform task. These have two main advantages in user experience studies [43]: providing diagnostic information on user experience issues and measuring user satisfaction after the completion of a task [5,44]. A scale developed by Likert was used to rate participants’ attitudes, opinions, and beliefs about a topic, with the open-ended question format also used in this type of questionnaire.

Tab. 2 presents the post-task questionnaire developed in this study. These questionnaires were completed after a participant had finished all tasks, those in Flutter as well as those in React Native. With these post-task questionnaires, participants could comment about their impressions of the tasks across platforms and could report cross-platform usability, satisfaction, navigation, and adaptation (see Tab. 2). All questions were adopted from previous studies [5,14,33,35,44]. In addition, the questionnaires were evaluated and tested prior to use by two information technology (IT) professors and two mobile-app developers.
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5  Results and Analysis

This study uses a hybrid evaluation approach to test the metrics. It applies two-stage analysis using SEM and ANN approaches. Section 5.1 describes the SEM evaluation measurement; while Section 5.2 provides the ANN analysis.

5.1 Structural Equation Modeling

A statistical method is used in this research to estimate and test causal relationships through statistical data as well as causal assumptions. Additive causal models and linear theory support can be tested using partial least squares (PLS), a tool used in research called structural equation modeling (SEM) which is concerned with the measurement of elements, after which it is statistically tested [45]. Usually, one or more hypotheses are required, with these represented as a model. The proposed model designed in this study is a basic model for building an inner/outer model. We use SmartPLS 3.0 software to test the proposed model and evaluate the results [46].

5.1.1 Flutter: Structural Evaluation Measurement

As in all other research, it is essential to establish the reliability and validity of the latent variables to complete the examination of the structural model [45]. When conducting PLS-SEM analysis, the reliability and validity of items must be checked and reported. In the current study, indicator reliability is tested through factor loading values. As shown in Tab. 3, all item loading values exceed the cut-off value of 0.6 [47]. Therefore, the reliability of the scales is satisfactory. We test internal reliability by composite reliability (CR). If the value is less than −0.5 or 0.06, a problem is present due to the CR effect; between 0.7 and 0.8 is considered normal; and 0.9 or above is considered outstanding [45]. Also, we test convergent validity by Cronbach’s alpha coefficient values. If the value in the study is less than 0.5, a problem exists; otherwise, it is considered correct. Cronbach’s alpha values are above 0.6 for all constructs, while CR is above 0.7, thus exceeding the cut-off value of 0.7 for all variables [45]. Therefore, reliability and validity are confirmed for the measurement model.
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To evaluate discriminant validity, we apply the Fornell–Larcker feature [48]. We calculate the square root values of average variance extracted (AVE), as shown in the diagonals of the correlation matrix in Tab. 4. These values are greater than in the relationship of the construct with the other variables in the first-order model. This indicates that each item is loaded more on its relevant construct than on other constructs [47]. Therefore, discriminant validity is confirmed.
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This study uses the t-statistics method to test the hypotheses. The t-statistics in this method can be generated by SmartPLS for significance testing of both the inner and outer models using a procedure called bootstrapping. Non-parametric bootstrapping is carried out using 80 cases and 1,000 samples to obtain the significance of each structural path (i.e., the t-value) between the constructs [49]. The results, as shown in Tab. 5, indicate one directly hypothesized relationship in the developed model. If the effect between two constructs in the model is less than 0.05, it is not supported; otherwise, it is supported [45]. Based on the inner model suggestion, navigation has the strongest effect on adaptation (0.639), followed by satisfaction (0.201): the weakest effect is usability (0.068). All loadings of the constructs are significant at p < 0.001. Therefore, we can deduce from their coefficient values that satisfaction, navigation, and usability are factors that influence adaptation, thus creating a great user experience.
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5.1.2 React Native Structural Evaluation Measurement

The steps previously adopted in the Flutter case analysis are repeated for React Native. As shown in Tab. 6, all the item loadings exceed the cut-off value of 0.7. One item (SRN2) is deleted, with no further involvement in the analysis, due to its low loading. Cronbach’s alpha coefficient values and the average of variance extracted (AVE) were above the cut-off of 0.6 for all constructs [49]. Composite reliability (CR) was above 0.7 for all constructs which exceeds the cut-off value of 0.7 [45,47]. Therefore, reliability and validity are satisfactory. In addition, Tab. 7 shows that all constructs met the discriminant validity requirements.
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Based on the inner model suggestion, navigation has the strongest effect on adaptation (0.748), followed by usability (0.145) (as shown in Tab. 8); however, no effect is found for satisfaction (−0.013). Therefore, we can deduce from their coefficient values that the navigation and usability factors influence adaptation, thus creating a great user experience.
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5.2 ANN Evaluation Model

The current study uses an artificial neural network (ANN) as an alternative to regression analysis to re-examine the model. To enjoy the advantages of both PLS-SEM and ANN analyses, a dual analysis can be conducted [50]. Thus, the ANN was utilized to evaluate the predictors of adaptation in this study [51]. The PLS-SEM technique is frequently used to examine relationships and test research hypotheses [52,53]. However, the ANN is used to reveal complex linear and non-linear relationships, as stated by Chan and Chong [52] and Teo et al. [54], respectively. Additionally, the ANN approach offers more precise prediction than the conventional regression technique [55,56]. Furthermore, it is used in information system (IS) research to evaluate relationships between dependent and independent variables [50,56–58]. Hence, this study uses ANN analysis to identify the elements that have a major impact on adaptation in both the Flutter and React Native models.

According to the study by Chong [59], the NN is a modelling tool that aims to imitate human neutral systems and is capable of learning. Due to their learning capability, ANNs can be trained to improve their performance [54,60]. Following the methodologies published and practiced by various previous studies, IBM SPSS Statistics (SPSS) v.24 is used to conduct the ANN analysis [50,56,61]. This study use a multi-layer perceptron (MLP) artificial neural network (ANN) with a feed-forward back-propagation (FFBP) algorithm to determine the relative relevance of exogenous factors to an endogenous variable. Figs. 5 and 6 illustrate the ANN models produced for Flutter and React Native. To avoid overfitting, a tenfold cross-validation is done on the dataset (resulting in 10 ANN models), with 70% of the data utilized for training and the remaining 30% used to determine the predicted accuracy of the trained network (also known as testing). Additionally, the number of hidden neurons is specified to be created automatically by the algorithm, and the hyperbolic tangent activation function is used for both the hidden and output layers. To evaluate the predictive accuracy of the model, the root mean square error (RMSE) for each ANN in the ANN model is calculated, as presented in Tab. 9, as recommended by various studies [50,54,56]. As shown in Tab. 9, the Flutter ANN model has a mean RMSE value for training (0.560) and testing (0.553) data, indicating that the model’s predictive accuracy is medium. The same explanation applies to the React Native ANN model. Apart from suggesting a medium level of predictive accuracy, a smaller RMSE number also indicates a more accurate fit and forecast of the data. Additionally, the significance of external variables is determined by the number of non-zero synaptic weights associated with hidden neurons in a given ANN model.
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Figure 5: Flutter ANN model. Note: Usability-Flutter (UF); Satisfaction-Flutter (SF); Navigation-Flutter (NF); Adaptation-Flutter (AF)
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Figure 6: React Native Model. Note: Usability-React Native (URN); Satisfaction-React Native (SRN); Navigation-React Native (NRN); Adaptation-React Native (ARN).
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After establishing the predicted accuracy and predictive relevance of each of the ANN models, a sensitivity analysis is used to numerically evaluate the predictive potential of the exogenous variables with respect to endogenous factors [54,62]. The relative importance of each exogenous variable is calculated, with this used to compute the normalized relative importance, as shown in Tab. 10. The exogenous variables are then rated according to their normalized relative relevance in terms of the strength of their influence. Notably, the three variables are tested on both the Flutter model and the React Native model, with the navigation variable the most significant predictor of adaptation (with 100% normalized relative importance). In another finding, satisfaction (49.61%) performed better than usability (43.09%) in the Flutter model. However, usability (52.99%) slightly outperformed satisfaction (51.4%) in the React Native model. Finally, in both the ANN models, navigation has the greatest influence on adaptation, while satisfaction and usability are the weakest predictors.
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6  Discussion

The study results show that usability has a positive effect on adaptation (β = 0.145) (H1) in React Native and a positive effect in Flutter (β = 0.068) (H1). In addition, the ANN analysis confirmed this result and predicted the usability performance in React Native (52.99%) as being larger than in Flutter (43.09%). The biggest difference in the score from participants was for the usability factor, with React Native recorded as having higher usability than Flutter. Participants also confirmed that the response speed and animation in Flutter were higher than in React Native. With average scores, we found that overall scores varied, although they were closely related. The difference in grades between Flutter and React Native is something that we attributed to ease and flexibility of use, as this drop in performance was reiterated numerous times. This was also something of which we were aware and, thus, we were not surprised by the outcome.

The study results show that satisfaction has a positive effect on adaptation (β = 0.201) (H2) in Flutter, while no effect was noted in React Native (β = −0.13) (H2). A difference was recorded in scores by all participants who scored their satisfaction level higher in Flutter than in React Native. One participant mentioned that response time, speed, and satisfaction with the user interfaces as well as the animations caused this difference in registration between the two platforms, commenting that the difference was minuscule. The difference in scores between Flutter and React Native is something that we attributed to the extent to which participants were satisfied with the experiment’s performance, such as the speed of performance and the response in relation to their expectations.

The navigation variable was the most significant predictor of adaptation for both models. The SEM result showed that navigation had a positive effect on adaptation (β = 0.748) (H3) on React Native, with a positive effect also noted in Flutter (β = 0.639) (H3). The biggest difference in scores from participants was also in the Navigation factor, with React Native recording a higher navigation score than Flutter. Participants also mentioned that they found more adaptability in React Native than in Flutter.

The last factor, adaptation, showed a difference in participants’ scores with adaptation scoring differently in Flutter than in React Native. The overall variance explained by the adaptation cross-platform model in terms of the R2 value was 0.641 for Flutter, 0.0.587 for React Native, which were significantly large (f2 > 0.35), and consistent with the effect sizes identified for R2 by Cohen (1988) [63]. Although different scores were recorded, the difference between the best and the worst was only a few points. Adaptation was used to measure usability, satisfaction, and navigation in our evaluation to provide total points for different cross-platforms. The questions in this survey were completely relevant, making this test practical on these points. We used it in its broadest sense as we sought to find differences in shared platforms on more formal and standard levels. We focused our project on studying the following factors: usability, adaptation, satisfaction, and navigation.

After using the cross-platform as a solution for developers, we note that these solutions have both advantages and disadvantages for end-users. The study’s results show not only a comparison between them, but also include a comparison with another platform as well as native development.

One of the most important aspects of the user experience is the design of the user interface. In this study, we have seen the importance of highlighting the huge differences between React Native and Flutter in the design of user interfaces. We mentioned in this study that the React Native platform has been developed to take account of the designs and user interfaces supported in Android and iOS. While the Flutter platform is keen to work with its own material widgets and to adopt a special design and arrangement method for the components of its user interfaces, Flutter seeks to take account of the designs supported in the iOS operating system by developing libraries, such as Cupertino Widgets. Therefore, thanks to the use of tools provided by Flutter, user-friendly interface designs can be obtained for different operating systems, with this demonstrated by this study’s participants in the survey through the experiment. The React Native platform also provides a great user experience.

On the other hand, if we want to compare the two platforms in terms of speed of performance and execution, Flutter is superior in this respect to its React Native counterpart. The main feature that ensures Flutter excels in terms of speed is its programming language: Dart. Moreover, the Flutter platform uses JavaScript as a bridge to connect the native parts of each application. Developers face noticeable issues when using the React Native platform to develop hybrid mixed applications [25]. To address these problems, programmers need to return the application to its original environment and use the original libraries and components to address these bugs and software problems.

In this study, we found that Flutter is superior to React Native. The reason is that the Flutter platform offers a wide range of useful and effective documents that help application developers and significantly increase their activity. It is not only the quantity and richness of information in the Flutter platform about codes and tools. Instead, the documentation for React Native is somewhat confusing and may cause some problems for programmers [22]. Moreover, React Native has neglected to document and provide information on many important parts. As for tools and add-ons, the two platforms are competitive in providing the largest number of useful tools to facilitate the application development process. Flutter offers a range of integrated development environments (IDEs) and tools to help React Native. Flutter is also famous for its similarity to Visual Studio Code, Android Studio, etc.

7  Contributions and Implications

This study makes some contributions and has implications for the research field, developers, and users.

7.1 Research Field

Limited research has examined and tested user experience of cross-platform applications and services [5,14,22,25]. This study contributes to the literature by identifying the factors that are needed to evaluate and study the user experience in cross-platform mobile applications and to address this gap by comparing it with native applications. Furthermore, Furthermore, Information Systems and IT adoption studies, using a hybrid measurement analysis, are lacking. Studies have suggested that more research should be undertaken that combines ML tools such as ANN with SEM [56,58,64]. Thus, this study establishes the proportional importance of critical characteristics that precede the prediction of mobile cross-platform adaptation by using the dual -stage SEM–ANN analysis to address this gap by ranking the examined factors. For instance, the core factor of adaptation, namely, navigation was the most significant predictor of adaptation for both models. These determinants are demonstrated to be conceptually and practically significant, with this paper adding to the body of knowledge by directly assessing their relative value using a two-stage approach.

7.2 Developers

This study helps developers to decide which platform is better in terms of the programming language used: Dart or JavaScript. This is one of the most important questions that concern engineers and developers before they start developing applications. No doubt, JavaScript is the most popular language and is the preferred option for most developers. In 2019, it was announced as one of the most popular programming languages on GitHub [41]. It receives wide support from search engines, servers, and smartphones. As Dart is still new, it does not receive as much attention as JavaScript. Moreover, Dart is developed by Google and carries the Google fingerprint and privacy. It is difficult to learn as a programming language.

On the other hand, the stability of the development platform is a key factor in the process of developing multiple applications and cross-platform applications. Therefore, the competition between the two platforms in this aspect is significant. Firstly, the Flutter platform was only available in an alpha version that was not suitable for long-term or medium-term application stability.

In May 2018, Google announced a new version of the platform: Flutter Beta 2 which is an improved and more stable version. It also provides a bundle of new resources and tools, and Google is continuing to offer improvements that make it stable. React Native is a fairly stable platform and is supported by a large network of developers and programmers.

Both Flutter and React Native support the Hot Reload feature, which enables programmers to preview the changes they make to application code to instantly ensure that they are correct. This greatly facilitates the work of developers. In fact, this feature is very important for developers today. They need to preview and monitor the changes they make to the app, especially if the app is used with multiple operating systems.

Finally, finding a development platform that requires less development time is very important for programmers. In this sense, the React Native platform is better than the Flutter platform as it greatly reduces application development times. This is one of the greatest advantages of the React Native platform. What gives React Native this advantage is that it uses what are known as segments which increase the speed of application development through the React Native platform. Ultimately, it is difficult to determine the best platform between the two platforms: React Native or Flutter. Each platform has its advantages and disadvantages. However, we must not overlook that Flutter is still new in the world of application development. As for React Native, it has made its way early and won the trust of developers and major international companies.

Initial evaluations favor the React Native platform over the Flutter platform. However, the latter is expected to achieve a promising future in the world of developing applications that cross operating systems. In fact, the decision to develop one of the two platforms depends on the developer himself/herself and his/her specific needs.

7.3 Users

This study was designed to explore what it takes to create a promising user experience which could affect the extent of user association with the sustainable application used. The study also contributes to educating developers’ awareness about building a flexible user experience by examining each of the features provided by the platform in each operating system and then making a comparison between them.

8  Conclusion

This study investigates interactive user experience and adaptation in the cross-platform mobile user interface. Employing the user experience cross-platform assessment model and SEM–ANN approaches, the results show that usability, navigation, and satisfaction predict the user experience for a mobile cross-platform application. These results contribute both to research and practice. This study helps to create a sustainable user experience through the most common cross-platforms, namely, Flutter and React Native.

This study inevitably confronted several limitations. The possible methodological limitations for this study related to the questionnaire method. This study used a questionnaire technique to collect data. Consequently, future research may need to consider various methods of collecting all data, such as the loud thinking and observation techniques. Another methodological limitation of this study relates to the simple constructs used, with more usability and security factors needed. Responding to these limitations, future work could involve and test more factors, such as design features and security. Future research could also make a comparison between the two platforms using applications that include all the features discussed in this study.
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Table 1: Definitions of model's constructs

Concept Definition

Usability  “The collapsible menu configuration can encourage positive versatile encounters on both
Android and iPhone gadgets, anyway the breadcrumb plan possibly increasingly reasonable
for more extensive portable screens” [37].

Satisfaction “Extent to which a product can be used by specified users to achieve specified goals with
effectiveness, efficiency and satisfaction in a specified context of use” [39].

Navigation Navigation allows the user to move from one page to another through either buttons, text, or
an image in a flexible and easy way; sometimes, it contains animation [17].

Adaptation The term “adaptation” in the technical field means the process of adapting the application or
the entire system in its behavior with users according to either its environment or the method
of use or generally based on what information it has about users [25].
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Table 3: Flutter correlation model

Construct Item code  Item CR AVE  Cronbach’s alpha

loading

Adaptation ~ AF1 0.935 0.949 0.861 0919
(AF) AF2 0.940
AF3 0.908

Usability UF1 0.920 0913 0777 0.724
(UF) UF2 0.877
UF3 0.846

Satisfaction SF1 0.630 0.828 0.620 0.702
(SF) SF2 0.845
SF3 0.866

Navigation  NF1 0.781 0.842 0.641 0.724
(NF) NF2 0.757

NF3 0.861
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Table 8: Results of the structural model and hypotheses testing

Hypotheses Associations Path coefficients #-value Supported
H1 Usability — Adaptation 0.145 1482  Yes
H2 Satisfaction — Adaptation -0.013 0.289 No
H3 Navigation —Adaptation  0.748 10.934  Yes
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Table 6: Result summary for React Native reflective outer model

Construct Item Item CR AVE  Cronbach’s alpha
code loading
Adaptation ARN1 0912 0.929 0814 0.8806
(ARN) ARN2  0.904
ARN3  0.891
Usability URN1 0.920 0946 0853 0919
(URN) URN2 0.877
URN3  0.846
Satisfaction SRN1  0.928 0.860 0.755 0.691
(SRN) SRN3  0.806
Navigation NRNI1 0.708 0.867 0.686 0.765
(NRN) NRN2 0.872
NRN3 0.892
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Table 4: Flutter correlation model

AF NF SF UF
AF 0.928
NF 0.764 0.801
SF 0.597 0.615 0.787
UF 0.086 0.017 0.034 0.882
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Table 9: Root-mean square error (RMSE) values for training and testing

Network Flutter model React native model
Training Testing Training Testing
1 0.564 0.555 0.567 0.525
2 0.570 0.566 0.595 0475
3 0.556 0.534 0.573 0.554
4 0.556 0.503 0.563 0.538
5 0.565 0.544 0.549 0.550
6 0.556 0.549 0.587 0.549
7 0.576 0.600 0.577 0.560
8 0.561 0.550 0.579 0.550
9 0.538 0.580 0.569 0.568
10 0.545 0.613 0.569 0.549
Mean 0.560 0.553 0.573 0.541

SD 0.011 0.032 0.013 0.027






OEBPS/Images/logo.png





OEBPS/Images/table-7.png
Table 7: React Native correlation model

ARN NRN SRN URN
ARN 0.902
NRN 0.752 0.828
SRN 0.018 0.02 0.869
URN 0.119 —0.032 0.177 0.924
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Table 2: Cross-platform user experience scales

Factor

Scales

Usability

Satisfaction

Navigation

Adaptation

I noticed inconsistencies between cross-platform user interfaces in (Flutter/React Native).
I needed to learn how to use each feature separately in (Flutter/React Native).
I thought the features were easy to use.

I found that each user interface across platforms was designed the way 1 expected it to be.
I was able to complete the tasks quickly using (Flutter/React Native).

I am satisfied with the amount of time it took to resume the interrupted task from (Flutter/
React Native).

The main navigation is easily identifiable.

Navigation labels are clear and concise.

Buttons/links are consistent and easy to identify.

I felt more adapted to (Flutter/React Native).

I found the various cross-platform functions to be well integrated.
I found that each user interface across platforms was designed the way I expected it to be.
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Table 10: Sensitivity analysis

Network Flutter model React native model

UF SF NF URN SRN NRN
1 0.282 0.243 0.475 0.111 0.257 0.632
2 0.288 0.171 0.542 0.29 0.135 0.574
3 0.264 0.259 0.477 0.272 0.202 0.526
4 0.167 0.297 0.536 0.232 0.189 0.579
5 0.204 0.312 0.483 0.193 0.144 0.663
6 0.177 0.238 0.585 0.256 0.352 0.392
7 0.193 0.304 0.504 0.286 0.323 0.391
8 0.154 0.289 0.557 0.363 0.261 0.376
9 0.249 0.219 0.532 0.263 0.303 0.434
10 0.243 0.236 0.521 0.235 0.239 0.525
Average RI 0.2221 0.2568 0.5212 0.2501 0.2405 0.509
Normalized RI (%) 43.09 49.61 100 52.99 514 100

Note: Usability-Flutter (UF); Satisfaction-Flutter (SF); Navigation-Flutter (NF); Usability-React Native (URN); Satisfaction-React Native (SRN);
Navigation-React Native (NRN); relative importance (RI)
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Table S: Flutter results of structural model and hypotheses testing

Hypotheses Associations Path coefficients #value Supported
H1 Usability — Adaptation 0.068 0.798  Yes
H2 Satisfaction — Adaptation 0.201 1.780  Yes
H3 Navigation — Adaptation  0.639 7.127  Yes
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