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Abstract. 

Purpose: This study aims to analyze user sentiment toward the Gojek mobile application using the Valence Aware 

Dictionary for Sentiment Reasoning (VADER) method and to evaluate the perceived ease of use of the application 

using the Single Ease Question (SEQ) instrument. 

Methods: The research data were obtained by scraping 30,000 user reviews of the Gojek application from the Google 

Play Store. The reviews were processed through text preprocessing, sentiment classification using the VADER method, 

and subsequent mapping of sentiment polarity scores to a 1–7 SEQ usability scale. A Spearman rank correlation 

analysis was conducted to examine the relationship between sentiment scores and derived SEQ values. 

Result: The results indicate that user sentiment toward the Gojek application is predominantly positive, followed by 

neutral and negative sentiments. The overall average SEQ score is 4.11, suggesting that the application is generally 

perceived as fairly easy to use. Furthermore, a strong and statistically significant positive association was found 

between VADER sentiment scores and SEQ usability scores, indicating that more positive sentiment tends to be 

associated with higher perceived ease of use. 

Novelty: This study contributes to the literature by empirically integrating sentiment analysis and usability evaluation 

using VADER and SEQ within the context of an Indonesian super-app. The findings provide practical insights for 

digital application developers to identify usability strengths and areas for improvement based on large-scale user 

feedback. 
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INTRODUCTION 
Technological developments in Indonesia have facilitated various community activities, including 

transportation, delivery services, and digital payments. One service that continues to grow rapidly in 

Indonesia is Gojek, a decacorn that offers a wide range of app-based services and has significantly 

transformed urban mobility and digital transactions. Understanding user sentiment toward the Gojek 

application through Google Play Store reviews is essential for evaluating service quality and identifying 

areas for improvement [1]. User-generated reviews provide direct insights into user experiences and 

expectations, making them a valuable data source for application evaluation [2]. 

 

However, the large volume of review data and the diversity of language styles used by users often make 

manual analysis inefficient and impractical [3], [4]. As a result, automated sentiment analysis techniques 

have become increasingly important for extracting meaningful patterns from large-scale textual data [5].  

 

Among various approaches, VADER (Valence Aware Dictionary for Sentiment Reasoning) is a lexicon-

based sentiment analysis method specifically designed to process informal and expressive text commonly 

found in social media and app store reviews [6]. 
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Previous studies have demonstrated that VADER performs effectively in analyzing short, non-standard, 

and emotionally expressive user-generated content, including reviews and comments containing slang, 

emoticons, and informal language structures [7], [8], [9]. Research applying VADER to digital platforms 

such as mobile applications, social media, and educational systems has shown that the method can 

efficiently identify sentiment polarity with reasonable accuracy while maintaining computational simplicity 

[10], [11], [12]. These characteristics make VADER a suitable choice for sentiment analysis in the context 

of Google Play Store reviews, where textual data are often brief and unstructured. 

 

In addition to sentiment analysis, evaluating application usability is also critical for understanding user 

experience and system effectiveness. The Single Ease Question (SEQ) is a widely used single-item usability 

metric administered after task completion to assess perceived ease of use on a 1–7 scale ranging from “very 

difficult” to “very easy” [10]. SEQ has been applied extensively in usability studies due to its simplicity, 

reliability, and ability to capture users’ immediate perceptions of task difficulty [13]. 

 

Several prior studies have employed usability metrics such as SEQ and SUS to assess user experience in 

digital applications, demonstrating that mid-scale SEQ values often indicate acceptable usability while 

highlighting opportunities for further improvement [14], [15], [16]. Other studies have also explored the 

potential relationship between user sentiment expressed in reviews and perceived usability, suggesting that 

sentiment polarity may serve as an indirect indicator of user satisfaction and system performance [17]. 

 

Despite the growing body of research on sentiment analysis and usability evaluation, studies that integrate 

sentiment analysis using the VADER method with usability assessment using the SEQ instrument-

particularly in the context of Indonesian super-apps such as Gojek-remain limited [18]. Therefore, this 

study aims to analyze public sentiment toward the Gojek application using VADER-based sentiment 

analysis and to evaluate perceived usability through derived SEQ scores. By combining sentiment polarity 

analysis with usability evaluation and statistical validation, this study seeks to provide a more 

comprehensive understanding of user experience and to support data-driven improvements in digital service 

quality. 

 

METHODS 

Several stages were carried out in this study and arranged systematically to produce a valid and accountable 

analysis. These stages included collecting user reviews of the Gojek application from the Google Play Store 

and then performing text preprocessing. The data were then analyzed using the Valence Aware Dictionary 

for Sentiment Reasoning (VADER) method, and the sentiment analysis results served as the basis for a 

usability evaluation using the Single Ease Question (SEQ) instrument. All of these stages are illustrated in 

the research flow diagram in Figure 1, which helps readers easily understand the steps taken and the 

interrelationships among the processes in this study. 

 

Data collection 

The research data were collected from user reviews of the Gojek mobile application available on the Google 

Play Store, which provides publicly accessible feedback reflecting direct user experiences and has been 

widely used as a data source for user experience and sentiment analysis of mobile applications [17], [19]. 

Data collection was conducted in September 2025 using a Python-based web scraping approach with the 

Google Play Scraper library, which has been commonly applied in prior studies to automate the large-scale 

collection of application reviews from the Google Play Store [1], [19]. 

 

A total of 30,000 reviews were retrieved using a chronological sampling strategy, starting from the most 

recent reviews available at the time of collection. Consequently, the dataset represents recent user 

experiences prior to and up to September 2025, capturing usability perceptions corresponding to the 

application’s condition during that period. Although the exact posting dates of individual reviews were not 

available in the extracted dataset, focusing on the most recent reviews helps ensure temporal relevance, as 

commonly adopted in app review-based studies[17]. 

 

To ensure data quality, reviews were included if they contained textual feedback in Indonesian or English 

and were associated with a star rating, following common preprocessing practices in mobile application 

review analysis [1]. Reviews without text, duplicate entries, or non-informative content were excluded. The 
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finalized dataset was stored in CSV format to support subsequent preprocessing, sentiment analysis, and 

usability evaluation using the SEQ framework. 

 

 
Figure 1. Research flow 

 

Ethical considerations 

This study analyzes publicly available user reviews obtained from the Google Play Store for academic 

research purposes. The data were collected in compliance with the platform’s terms of service and used 

only in an aggregated manner. No personal or identifiable user information was collected or processed, and 

all data were handled to ensure user anonymity and privacy. As the study relies solely on publicly accessible 

content and does not involve direct interaction with human participants, formal ethical approval was not 

required. 

 

Preprocessing 

Prior to sentiment analysis, several text preprocessing steps were applied to improve data quality and to 

ensure that the textual input was suitable for sentiment classification. Text preprocessing is a standard 

procedure in natural language processing (NLP) tasks, particularly when dealing with user-generated 

content such as app reviews, which often contain noise and informal language [20], [21] . 

 

The preprocessing steps applied in this study are as follows: 

1. Case folding, which converts all characters in the text to lowercase. This step ensures consistency 

by treating words with identical meanings but different letter cases (e.g., “Driver” and “driver”) 

as the same token. 

2. Text cleaning, which removes irrelevant elements such as URLs, numbers, punctuation marks, 

and special characters. These elements frequently appear in online reviews but generally do not 

contribute to sentiment interpretation and may introduce noise into the analysis. 

3. Tokenization, which splits sentences into individual words or tokens. This process allows each 

word to be analyzed independently and is a fundamental step in many text mining and sentiment 

analysis pipelines. 

4. Stemming, which reduces words to their root or base form using the Sastrawi library. For example, 

the words “berjalan”, “berjalanlah”, and “dijalankan” are all normalized to the root word 

“jalan”. Stemming is particularly important in Indonesian language processing due to its rich 

morphological structure. 
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5. Stopword removal, which eliminates commonly used words such as “yang”, “dan”, and “di”. 

These words frequently appear in text but carry little semantic value for sentiment classification, 

serving mainly as syntactic connectors. 

 

The output of this preprocessing stage is a simplified and normalized text representation that facilitates 

more accurate sentiment analysis using the VADER method. By reducing noise and linguistic variation, 

preprocessing helps improve the reliability of sentiment polarity detection in large-scale review data. 

 

Sentiment analysis 

The Valence Aware Dictionary for Sentiment Reasoning (VADER) method is one of the sentiment analysis 

methods chosen for this study because it is suitable for the characteristics of application review data, which 

is short, concise, and often uses informal language. VADER is a lexicon- and rule-based approach designed 

to analyze informal text, such as social media comments and application reviews [22]. The advantage of 

VADER lies in its combination of a rich sentiment dictionary with heuristics that take into account 

capitalization, punctuation (e.g., exclamation marks), intensifiers (strengthening words), and conjunctions 

that can change the polarity of sentiment, enabling it to capture contextual nuances in the text while 

remaining easy to use and having a good level of accuracy [23], [24]. In addition, VADER uses a compound 

score on a SEQ scale (1–7) [25]. The results of this sentiment analysis are then used in usability evaluation 

using the SEQ instrument. 

 

Usability testing 

The usability aspect of research is no less important than sentiment analysis, as it directly influences user 

experience and satisfaction, thereby determining the success of a digital application. One simple but 

effective instrument for measuring ease of use is the Single Ease Question (SEQ). In addition to being 

effective, SEQ was chosen because it is concise, practical, and is sensitive in distinguishing levels of ease 

across tasks [26]. The Single Ease Question (SEQ) is widely adopted in usability research because it 

consists of a single core question that effectively captures users’ perceptions of a system’s ease of use [27]. 

According to practical guidelines, SEQ scores range from 1 to 7, with higher scores indicating greater ease 

of use [28]. 

 

The results of sentiment analysis using VADER were then used to map user perceptions of various Gojek 

features, such as Goride, Gocar, Gofood, Gosend, Gopay, and the app in general. Feature categorization 

was performed using keyword-based matching on review text, where reviews were assigned to specific 

application features based on the resence of predefined service-related keyword. The SEQ score was then 

calculated as the primary indicator of the app's ease of use. 

 

Integration of sentiment analysis and usability evaluation  

This study proposes a rule-based integration framework to systematically relate sentiment polarity extracted 

from user reviews to perceived usability levels measured using the Single Ease Question (SEQ) scale. At 

this stage, the integration is presented as a conceptual and procedural mechanism, without implying direct 

equivalence between the sentiment score and usability measurement. 

 

The compound score generated by the VADER sentiment analysis was selected as the primary indicator of 

overall sentiment polarity, as it effectively summarizes positive, negative, and neutral components into a 

single continuous measure suitable for user-generated text analysis. Sentiment analysis on mobile 

application reviews has been widely applied in recent research to derive insights from user feedback on 

apps, highlighting its usefulness in understanding user perceptions and expectations of mobile services [29].  

To enable comparison with the ordinal SEQ scale, compound scores were mapped to discrete usability 

levels using predefined threshold intervals. The Single Ease Question (SEQ) scale is a widely used metric 

in usability research for capturing participants' perceived ease of use on a seven-point scale. This approach 

aligns with common practices in usability evaluation, where ordinal usability metrics are related to users' 

subjective perceptions [30].  

 

The mapping scheme converts VADER compound scores into SEQ usability categories through a rule-

based threshold function. Threshold values were determined based on the standard interpretation of 

VADER sentiment polarity and the empirical distribution of sentiment scores observed in the dataset. This 

mapping mechanism serves as an operational step to prepare for subsequent statistical validation rather than 

as direct evidence of usability measurement. 
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Table 1. Mapping of compound vader scores to the seq scale 
Compound score range Label sentiment SEQ score Usability interpretation 

≤ -0.4 Very negative 1 Veri difficult 

-0.4 < × ≤ -0.1 Negative 2 Difficult 
-0.1 < × ≤ -0.05 Quite negative 3 Quite difficult 

-0.05 < × ≤ 0.00 Neutral 4 Quite 

0.00< × ≤ 0.3 Quite positive 5 Quite easy 
0.3 < × ≤ 0.6 Positive 6 Easy 

0.6 Very positive 7 Very easy 

 

Table 1 presents the mapping rules associating ranges of compound sentiment scores with corresponding 

SEQ usability levels. This mapping framework enables further inferential analysis, such as correlation 

testing, to assess the relationship between sentiment polarity and perceived usability in later sections of the 

manuscript.  

 

RESULTS AND DISCUSSIONS 

Results 

This section presents the outcomes of sentiment analysis and usability evaluation based on Gojek user 

review data. The results are reported using tables and graphical visualizations, including the distribution of 

sentiment polarity, SEQ usability scores, and feature-based statistical summaries. To ensure clarity, 

quantitative findings are first presented in dedicated result-oriented subsections, followed by a discussion 

that interprets the results in relation to usability perception, statistical validation, and findings from previous 

studies. 

 

Sentiment analysis result 

The VADER sentiment analysis model was applied to 30,000 Gojek user reviews to obtain sentiment 

polarity scores. VADER generates a compound score ranging from −1 (strongly negative) to +1 (strongly 

positive), representing the overall sentiment polarity expressed in each review.  

 

Based on the compound scores, the reviews were classified into positive, neutral, and negative sentiment 

categories. The results show that positive sentiment constitutes the largest proportion of the dataset, 

followed by neutral sentiment, while negative sentiment represents the smallest proportion.  

 

Analysis of the compound score distribution indicates that most values are concentrated around neutral to 

moderately positive ranges, with fewer instances of extreme positive or negative scores. This distribution 

reflects variability in sentiment intensity across user reviews.  

 

These findings provide a descriptive overview of sentiment polarity patterns observed in large-scale textual 

user reviews. At this stage, the results strictly represent sentiment analysis outputs and do not imply 

usability evaluation or task-level performance. 

 

SEQ score distribution 

This subsection presents the descriptive results of the Single Ease Question (SEQ) analysis derived from 

Gojek user reviews. The analysis aims to summarize the overall distribution and characteristics of SEQ 

scores before further validation and inferential analysis. The results are reported using descriptive statistics, 

frequency distributions, and proportional visualizations. 

 

Table 2. Overall SEQ statistics 
Statistic Score 

Mean 4.11 

Median 4.0 
Standar deviation 0.83 

Number of reviews 30,000 

 

Table 2 summarizes the descriptive statistics of the SEQ scores obtained from 30,000 user reviews. The 

average SEQ score is 4.11, with a median of 4.0 and a standard deviation of 0.83, indicating moderate 

variability in the SEQ values across the dataset 
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Figure 2. Distribution of overall SEQ scores 

 

Figure 2 shows the distribution of overall SEQ scores from 30,000 Gojek user reviews. The results are 

strongly concentrated at score 4, indicating that most users perceived the application as having moderate 

ease of use. Higher scores (5–6) appear less frequently, while very low (1–3) and very high (7) scores are 

relatively rare. Overall, the distribution suggests that user experiences tend to cluster around the midpoint 

of the SEQ scale rather than at extreme evaluations. 

 

 
Figure 3. Overall SEQ score proportions 
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Figure 3 presents the proportional distribution of SEQ scores across all reviews. SEQ score 4 dominates 

the dataset, accounting for approximately 81,0% of the total observations. Higher scores (5 and 6) and 

lower scores (1–3) each constitute smaller proportions of the dataset 

 

Validation of the relationship between vader sentiment scores and seq scores (spearman correlation) 

To examine whether sentiment polarity is associated with the derived SEQ scores, a Spearman rank 

correlation analysis was conducted between the VADER compound sentiment scores and the SEQ scores. 

Spearman correlation was selected because it is a non-parametric method and does not require the 

assumption of normally distributed data. 

 

The analysis resulted in a Spearman correlation coefficient of ρ = 0.716, with a statistically significant p-

value (p < 0.05), indicating a strong positive association between sentiment polarity and SEQ scores. This 

suggests that reviews with higher sentiment scores tend to be associated with higher SEQ values. 

 

It is important to emphasize that this result reflects an association rather than a causal relationship. The 

correlation analysis provides empirical support for the relationship between sentiment polarity and SEQ 

scores, but it does not imply that sentiment directly determines usability perceptions. 

 

Statistical results for each application feature 

This subsection presents the descriptive statistical results of SEQ scores across different Gojek application 

features. The analysis aims to examine how the average SEQ scores vary among features based on user 

reviews, without drawing evaluative or comparative conclusions. 

 

 
Figure 4. Average SEQ score for each Gojek feature 

 

Figure 4 shows the average SEQ scores for each Gojek feature based on user reviews. The results indicate 

that the average SEQ scores across features range from approximately 3.7 to 4.3 on a 1–7 scale. 

 

The “aplikasi” category shows an average SEQ score of approximately 4.3 based on 6,857 reviews, while 

“gocar” and “gofood” have lower average SEQ scores, each around 3.7, based on 721 and 2,233 reviews, 

respectively. The “gopay” feature has an average SEQ score of approximately 4.0 from 805 reviews, and 

“goride” shows a similar average score based on 6,124 reviews. 
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The “gosend” feature records an average SEQ score slightly above 4.0 based on 1,110 reviews, while the 

“lainnya” category shows an average score of approximately 4.2, representing 12,150 reviews. The number 

of reviews for each feature is indicated above the corresponding bars. 

 

Discussion 

Based on the sentiment classification results using the VADER method, a large proportion of Gojek user 

reviews exhibit positive sentiment, alongside neutral and negative opinions that reflect variability in user 

perspectives. These findings support the suitability of the VADER algorithm for large-scale sentiment 

analysis of informal and unstructured user-generated text, such as app store reviews. Previous studies have 

reported comparable performance of VADER when applied to short, expressive, and non-standard textual 

feedback, emphasizing its efficiency and reliability in similar contexts [31], [32], [33].  Nevertheless, as 

noted in prior research, VADER remains limited in detecting nuanced linguistic expressions such as 

sarcasm, irony, or implicit dissatisfaction, which should be taken into account when interpreting sentiment-

based results [34], [35]. 

 

The usability analysis based on the derived Single Ease Question (SEQ) scores indicates that the overall 

usability of the Gojek application is centered around the midpoint of the 1–7 SEQ scale. The average SEQ 

score of 4.11 suggests that user interactions with the application are generally perceived as moderately easy, 

but do not yet reflect the highest level of perceived ease. The dominance of a score of 4 in the overall SEQ 

distribution implies that, while users are able to use the application without major difficulty, certain aspects 

of the user experience may still require improvement to better meet user expectations. Similar 

interpretations of mid-scale SEQ values have been reported in prior usability studies, where such scores 

often indicate acceptable but improvable system performance [36]. 

 

To further examine the relationship between sentiment polarity and perceived usability, a Spearman rank 

correlation analysis was conducted between VADER compound sentiment scores and SEQ usability scores. 

The results reveal a strong and statistically significant positive association (ρ = 0.716, p < 0.05), indicating 

that reviews expressing more positive sentiment tend to be associated with higher SEQ scores. This finding 

provides empirical support for the existence of a meaningful relationship between sentiment expressed in 

user reviews and derived usability evaluations [35]. However, it is important to emphasize that this 

relationship represents an association rather than a causal effect, and sentiment polarity alone should not be 

interpreted as a direct measure of usability. 

 

Further analysis across application features reveals variations in average SEQ scores. Features such as 

GoCar and GoFood exhibit comparatively lower average SEQ values, suggesting that user interactions 

related to these services may involve greater challenges, potentially associated with navigation complexity, 

system responsiveness, or service-related factors [37]. In contrast, higher average SEQ scores observed for 

the general application interface and GoPay feature indicate a closer alignment with user expectations in 

terms of interface design and feature integration [38]. These feature-level differences suggest that future 

usability improvements may benefit from prioritizing services with lower SEQ scores, while maintaining 

and refining design elements that already perform relatively well. 

 

Limitation 

This study has several limitations that should be considered when interpreting the results. First, the usability 

evaluation relies on SEQ scores derived indirectly from sentiment analysis of user reviews, rather than from 

controlled usability evaluation scenarios. Although a strong and statistically significant association between 

VADER sentiment scores and SEQ values was observed, the derived usability scores may not fully capture 

task-specific usability issues experienced by users during actual interactions with the application [36], [39]. 

 

Second, user reviews collected from the Google Play Store may contain content that is not strictly related 

to interface usability, such as complaints about service providers, delivery delays, pricing, or external 

factors beyond the application’s interface. While large-scale data helps reduce individual bias, the presence 

of such non-usability-related content may still influence the derived SEQ scores. 

 

Third, the sentiment analysis process relies on the VADER lexicon-based model, which is known to have 

limitations in handling sarcasm, mixed sentiment, and implicit expressions of dissatisfaction. As a result, 

certain reviews may be misclassified, particularly when users express usability concerns indirectly or 

ambiguously [34]. 
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In addition, this study does not provide an openly accessible code repository for replication. However, the 

preprocessing and sentiment analysis pipeline can be reproduced using standard Python libraries commonly 

employed in sentiment analysis research, and the implementation scripts can be shared upon reasonable 

request to support transparency and reproducibility. 

 

Finally, this study focuses on a single mobile application within a specific platform and time frame. 

Therefore, the findings may not be directly generalizable to other applications, platforms, or cultural 

contexts [40]. Future research may benefit from incorporating multilingual sentiment models, task-based 

usability evaluation, or human-labeled datasets to further validate and extend the proposed approach. 

 

CONCLUSION 

This study proposed an integrated approach that combines VADER sentiment analysis with the Single Ease 

Question (SEQ) framework to evaluate the usability of the Gojek mobile application based on large-scale 

user reviews. By analyzing 30,000 reviews collected from the Google Play Store, this research provides an 

empirical overview of user sentiment patterns and derived usability perceptions across different application 

features. 

 

The sentiment analysis results indicate that positive sentiment dominates user feedback, suggesting 

generally favorable user experiences when interacting with the application. The usability evaluation based 

on derived SEQ scores shows that the overall usability of the Gojek application is perceived as moderately 

good, with an average SEQ score of 4.11 on a 1–7 scale. This finding implies that while the application is 

relatively easy to use, there is still room for improvement to achieve higher levels of perceived ease of use. 

 

The validation using Spearman rank correlation demonstrates a strong and statistically significant positive 

association between VADER sentiment scores and SEQ usability scores (ρ = 0.716, p < 0.05). This result 

provides evidence that sentiment polarity expressed in user reviews is meaningfully associated with 

perceived usability, supporting the use of sentiment-based approaches as a complementary method for 

large-scale usability evaluation. However, this relationship reflects an association rather than causation, 

and sentiment analysis should not be interpreted as a direct substitute for traditional usability evaluation. 

 

Feature-level analysis further reveals variations in usability perceptions across different services within the 

application. Lower average SEQ scores observed in features such as GoCar and GoFood indicate potential 

areas for usability enhancement, while higher scores in the general application interface and GoPay 

highlight strengths in interface design and feature integration. These findings suggest that targeted 

improvements in specific features may help improve overall user experience. 

 

Overall, this study contributes to the growing body of research on automated usability evaluation by 

demonstrating how sentiment analysis and usability metrics can be integrated to extract insights from large-

scale user feedback. Future work may extend this approach by incorporating human-labeled datasets, 

multilingual sentiment models, or task-based usability evaluations to further strengthen the robustness and 

generalizability of the findings. 
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