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Abstract

Introduction. With the rapid surge of users in generative Al (GenAl) applications,
user experience research is moving beyond surveys and experiments toward large-
scale analyses of online reviews. Integrating topic and sentiment patterns from
these reviews with user experience theory enables a clearer view of users’ concerns
and experience gaps.

Method. This study analysed Chinese user reviews of DeepSeek using BERTopic for
topic modelling combined with sentiment analysis and mapped the findings onto
Jesse James Garrett’s five elements of user experience to reveal layered perceptions.

Results. Thirty-four topics were identified and grouped into nine categories
covering technical stability, device adaptation, Al interaction and functional
features. Negative sentiments centred on server instability, system errors and
functional deficiencies, whereas positive sentiments highlighted Al performance,
emotional support, and distinctive functions. The five-element mapping revealed
strategic instability, scope plane functional gaps, structural interaction barriers and
framework plane issues with multi-device adaptation.

Conclusion. Joint topic-sentiment analysis not only uncovers core concerns of
GenAl application users but also offers actionable insights for improving technical
stability, device adaptation and interaction design, providing a new empirical view
for optimising similar applications and advancing user experience research.
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Introduction

Generative artificial intelligence (GenAl) applications have rapidly emerged as a transformative
force in the technological landscape, profoundly reshaping how people search for, create, and
interact with information. For example, ChatGPT quickly amassed millions of downloads after its
launch, triggering an explosive surge in GenAl mobile applications worldwide. In China, the
domestically developed GenAl application DeepSeek has drawn significant attention due to its
rapid growth and extensive user adoption, leading to a substantial volume of Chinese-language
user reviews. This makes it an ideal case for exploring the user experience of GenAl applications
within the Chinese context, offering authentic insights into user feedback that complement
existing studies, which have primarily focused on English-language reviews.

User experience (UX) is a critical factor in mobile application development, influencing user
acceptance, usability, and overall satisfaction (Lu et al., 2025). It encompasses emotional, sensory,
and contextual dimensions that significantly impact user behaviour and retention (Alshammare et
al,, 2025).

Many scholars have investigated the user experience of generative Al applications through
methods such as surveys, usability testing, and system evaluations, highlighting the significant
influence of perceived usefulness, trust, and design appeal on users’ adoption intentions
(Alabduljabbar, 2024; Alhejji et al., 2022; Bubas, et al., 2024). However, research focusing on users’
actual usage scenarios and genuine feedback remains relatively underdeveloped. Recently, some
studies have begun analysing user reviews from app stores to examine usage issues and
preferences, demonstrating that such reviews can provide more direct and reliable insights into
user experience (Hadwan et al., 2022). These findings indicate that leveraging user reviews
represents a valuable approach for understanding user needs and informing the optimisation of
generative Al applications. Yet, studies combining topic modelling with sentiment analysis of
GenAl user reviews remain scarce, especially for non-English contexts.

In summary, existing research primarily focuses on model performance rather than genuine user
experience, with most studies analysing feedback from English-speaking users whilst insights from
Chinese users remain unexplored. As a representative Chinese generative Al application, DeepSeek
provides an ideal case study for examining user experience within such contexts. Against this
backdrop, this study takes DeepSeek as a case to examine how Chinese users perceive and evaluate
GenAl applications. We first apply BERTopic to extract and cluster latent topics from unstructured
review texts; then conduct sentiment analysis to measure the emotional valence of each topic; and
finally interpret the findings systematically through the view of Garrett’s Five Elements of User
Experience—strategy, scope, structure, framework, and surface (Garrett, 2010), examining aspects
such as technical stability, functional completeness, and interaction fluency. This mixed method
approach bridges computational text analytics with a well-established UX framework, moving
beyond fragmented feedback toward a structured diagnosis.

Accordingly, we propose the following research questions:
RQ1: What latent topics emerge from DeepSeek’s Chinese user reviews?
RQ2: How do sentiment patterns across these topics reflect user satisfaction and dissatisfaction?

RQ3: How can the insights derived from topic and sentiment analysis be applied to inform
practical UX enhancements?

By answering these questions, the study illustrates a replicable approach to extracting and
interpreting user concerns from a dataset of Chinese-language app-store reviews, offering
concrete guidance for improving the user experience of DeepSeek and similar GenAl applications.

Information Research, Vol. 31 No. iConf (2026)

236



Literature review

User experience (UX) is a key dimension for evaluating the success of information systems and
products, encompassing users’ perceptions, emotional responses, value cognition, and overall
satisfaction throughout the usage process (Law et al., 2009). In generative Al applications, UX
represents the overall quality of users’ experiences during interaction with a product, including
perceptual, emotional, and functional aspects. (Alabduljabbar, 2024; Gu et al., 2024) Understanding
these multifaceted aspects is therefore essential for designing and optimising generative Al
applications.

Among the various conceptual approaches, Jesse James Garrett’s five elements of user experience
provides a widely cited theoretical framework for structuring product design. This model divides
the UX design process into five planes—strategy, scope, structure, framework, and surface—
emphasising that an excellent UX must be built plane by plane from the bottom up and that
omissions at any plane may affect the final user perception (Garrett, 2010). This model provides
macroscopic design guidance for user experience research.

As generative Al applications become increasingly prevalent, research into their user experience
has been growing. Existing studies have primarily focused on design principles and evaluation
methods. They often use expert evaluations, literature reviews, and multiple rounds of heuristic
assessments to establish design standards. For example, Weisz et al. (2024) proposed six design
principles for generative Al applications based on literature reviews and expert feedback. Amershi
et al. (2019) validated 18 guidelines in human-Al interaction through practitioner testing. However,
such approaches are generally theory-driven and focused on expert perspectives, lacking
sufficient attention to the dynamic changes in real user experience.

Against the backdrop of increasing academic focus on user generated content (UGC), user review
analysis has become an essential methodology within user experience (UX) research. As a form of
UGC, user reviews offer high authenticity, timeliness, and scalability, capturing users' real attitudes
and emotions in natural usage scenarios (Wang & Liu, 2023). Compared with more conventional
approaches like surveys and laboratory studies, user reviews supply large quantities of unfiltered,
real-time feedback, which often enhances the external validity.

In recent years, natural language processing (NLP) techniques have gained prominence in UX
research, especially those that integrate topic modelling techniques such as BERTopic and
sentiment analysis. These techniques enable researchers to identify latent themes within large
collections of unstructured user reviews and to assess the emotional responses associated with
those themes. (Devlin et al., 2019). For example, BERTopic automatically identifies core issues and
concerns discussed in reviews, while sentiment analysis helps understand users' emotional
attitudes towards these issues. Studies show that combining these techniques effectively identifies
usability issues, privacy concerns, update problems, and themes reflecting user satisfaction or
dissatisfaction (Ahmed et al., 2022; Baj-Rogowska & Sikorski, 2023; Ossai & Wickramasinghe, 2023).
These methods fit the aims of this study, especially for analysing Chinese generative Al products.

Compared with theory-driven research, empirical research based on user reviews provides more
practical and authentic feedback. Shao et al. (2025) examined open-source generative Al mobile
applications and reported widespread integration challenges that influenced key user experience
factors, particularly functionality and security. Nahar et al. (2024) investigated how latency and
energy consumption affect the integration of generative Al, using interviews and survey data. Chen
et al. (2025) analysed posts from the OpenAl Developer Forum and identified challenges related to
prompting, API usage, and plugin development in generative Al applications.

Academic studies have increasingly focused on user experiences with generative Al in various
domains. Surveys by Golding et al. (2024) and Kim et al. (2025) explored its use and perception in
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academic contexts, revealing variations in experience across roles, gender, and disciplines.
Similarly, Shata and Hartley (2025) applied the Technology Acceptance Model to assess teachers’
perceptions and their effect on engagement.

While existing studies have provided valuable insights into the UX of generative Al applications,
most research has focused on English-language reviews, and studies analysing Chinese user
feedback remain limited. This study analyses Chinese-language user reviews using BERTopic topic
modelling and sentiment analysis to identify latent topics and emotional tendencies, providing a
comprehensive understanding of users’ needs and pain points. The findings offer actionable
recommendations for optimising generative Al applications.

Research methodology and process
This chapter outlines the methodology and process adopted in this study, providing a detailed
account of the research design, data collection, and analytical procedures.

Research design

This study adopts a multi-stage methodology combining topic modelling, sentiment analysis, and
theoretical mapping. Using Chinese user reviews from the DeepSeek App, it aims to uncover latent
themes and sentiment patterns and interpret them through Garrett’s five-element UX framework
to generate actionable design insights. The methodological framework of this study consists of
four stages: (1) collection and preprocessing of user reviews, (2) identification of themes through
topic modelling, (3) evaluation of user attitudes by sentiment analysis, and (4) integration of
findings with the five elements of user experience to guide product optimisation. The technical
roadmap of this study is shown in Figure 1.
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Figure 1. The technical roadmap of this research.

Data collection and cleaning

The dataset was obtained from Qimai Data (https: //www.gimai.cn), a major Chinese mobile app
analytics platform that aggregates reviews from the Apple App Store, Google Play, and domestic
Android markets. Reviews of DeepSeek were collected from January 11, 2025 (official release) to
April 21, 2025, covering the initial adoption stage. A total of 8,469 reviews were gathered, and after
preprocessing, 5,362 valid entries remained, ensuring adequate scale, platform diversity, and
temporal continuity.
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To ensure analytical validity, a two-stage data cleaning procedure was implemented, combining
manual screening with automated assistance. In the first stage, preliminary suggestions (‘retain’ or
‘remove’) for each review were generated using the GPT-40 model based on semantic relevance,
emotional content, and informational value. This automated step was applied solely as an aid to
manual screening, and all final inclusion or exclusion decisions were made by the research team.
In the second stage, a manual verification procedure was conducted to review borderline cases
and confirm deletion decisions, preventing the accidental removal of substantive feedback.
Following this two-stage process, only invalid entries were permanently removed.

The final procedure included three operations:

(1) Invalid review removal: duplicates, advertisements, meaningless strings, and platform-marked
deletions were excluded;

(2) Sentiment-aware filtering: reviews with identifiable positive or negative sentiment were
retained, while nonsensical fragments were eliminated;

(3) Standard preprocessing: tokenisation via jieba, stop-word filtering (HIT list and domain terms),
and normalisation were applied to prepare the corpus for topic modelling.

This hybrid approach, in which the large language model (LLM) served only as a preliminary aid,
enhanced both the efficiency and the reliability of unstructured text handling. Table 1 summarises
the screening criteria and representative examples.

Element Definition

Processing Standard

Output Result
Example

Review Content The actual text of user Retain or remove based on [1] Retain
reviews semantic relevance judgment
followed by manual
verification
Emotional Expression Emotional tendency Reviews that clearly contain [1] Retain
recognition positive /negative emotional
vocabulary
Evaluation Suggestion Extraction of specific Reviews involving the [1] Retain
function feedback evaluation of functions,
scenarios, or characteristics
[nvalid Review If the review contains the | Labelled by LLM as ‘NONE’ NONE
field ‘This review has been and confirmed in manual
deleted’ review
[nvalid Review Filtering of advertisements | Removed after LLM labelling [2] Remove
or irrelevant content and manual confirmation

Table 1. Review screening scheme with LLM labelling and manual verification.

This method effectively improves the processing efficiency of unstructured text data by drawing
on cutting-edge research results in large model data cleaning (Castro et al., 2024; Li et al., 2024).
Finally, a total of 5,362 valid pieces of data determined to be retained were obtained for the next
step of analysis.

Data analysis

Themes were extracted using BERTopic (Grootendorst, 2022), which integrates BERT embeddings,
uniform manifold approximation and projection (UMAP) for dimensionality reduction, and
hierarchical density-based spatial clustering of applications with noise (HDBSCAN) for clustering.
Each review was converted into a semantic embedding by a pre-trained BERT model, followed by
UMAP reduction (n_neighbors = 15, min_dist = 0.001). HDBSCAN, with min_ cluster_size = 15,
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partitioned clusters while handling noise. Class-based TF-IDF was then used to extract topic
keywords, with a customised tokeniser for Chinese text. The model generated 34 coherent topics,
while unclustered reviews were labelled as noise.

Sentiment labels were mainly determined from the star ratings provided by each user review.
Reviews with 4_5 stars were considered positive, 3 stars as neutral, and 1_2 stars as negative. In
addition, a sentiment analysis pipeline based on the Hugging Face Transformers library
(https: / /huggingface.co /docs /transformers) was applied. The pipeline implementation, with
truncation enabled, ensured efficiency in long-text processing. Results were structured in tabular
form and visualised through charts. Sentiment distributions across topics were further examined
to reveal emotional variations among functional themes.

Analytical results were aligned with Garrett’s five elements of user experience framework (Garrett,
2010) to generate actionable insights. Topic-sentiment mappings were associated with dimensions
such as functionality and usability, clarifying which features elicited positive endorsement or
negative frustration. For instance, topics receiving concentrated negative sentiment were linked
to functionality and usability, signalling areas in need of optimisation.

This integrated framework provides a systematic approach for understanding user needs and
emotions, offering practical guidance for evidence-based product refinement.

Findings

This chapter presents user feedback data on the DeepSeek APP, illustrating key results from
BERTopic clustering and sentiment analysis with specific metrics and visualisations. BERTopic
clustering clarifies the distribution and characteristics of user feedback topics, and sentiment
analysis further reveals user emotional tendencies and topic-specific differences. By further
integrating the results of topic clustering and sentiment analysis with the five-element theory of
user experience, the core issues in user feedback are identified.

Topic clustering results

BERTopic clustering was applied to the user reviews, yielding two primary sets of results. The
analysis first identifies 34 specific topics, detailing their keywords, data volume, and content focus
to pinpoint specific user concerns. Secondly, a high-level perspective is provided by hierarchically
clustering the 34 topics into nine major categories based on semantic similarity. This integration,
supported by distance visualisation, illustrates the overall distribution of user concerns.

BERTopic core topic analysis
BERTopic clustering identified 34 topics, each represented by five keywords. Figure 2 summarises

each topic’s name, keyword list (Chinese and English), and sample size, derived from keyword
connotations and cluster review counts.

Information Research, Vol. 31 No. iConf (2026)

240



bug. A, doep. seck %Kit BEERC, MRS, WA, 08w

0 132
Bug, documn, doap, ook, send Topic 17 : Feedback on Product Vulnerabilties and Document Issues Topic 0 : Feedback on Server Busyness and Subsequent Handling cverbusy,sener, later. garbage, y again
e A @A R B R T
2 o
oMo, axromely, aupe, ks, oty Good Topic 18 : High - level Favorable Evaluation of Software Topic 1 : Positive Experience Evaluation of Product Use Lagoy. notbad, very good, extrmely god, ke

A B% @E BT RS

3 166
. Topic 19 : Feedback on Abnormal Reply Functions Topic 2 : High - level Evaluation of Domestic Al Assistants A1, best, domastc asistart, many
©5 TREE K. 1O 4% e, B, KK, L AR
Bl 144
Answer, unable o answor, New Year's Eve, thi sentence, oday Topic 20 : Feedback on Answering Questions During Special Periods Topic 3 : Expectations for Adaptation on Non-Desktop Platforms Pac, adeptation, verson,hope, spi - screen

iR R R ST EE
18

Topic 21 : Feedback on Defects of Voice Interaction Functions Topic 4 : Negative Experience and Complaints about System Busyness Garbage, ting,busy,suf, damn
204, B, WEE, Wk, 005 B5 A RS SR A%
2 o
2021, update, daabase, deadine, knowiedgo base Topic 22 : Related to Database Update and Maintenance Topic 5 : Emotional Companionship Think, ind, depth, procass, e
THOBE —x THE ROEC AR RENY, HE. BR A
2 o
Dowaload, ruply, once, dowrload amount, syskom by, Topic 23 : Issues of Download Reply and System Busyness Topic 6 : Product Negative Evaluation and Avoidance Reminder Not easy t use, inexpicable, avoi, stock reezs
an, e FEECE 5 AP e B RE 8K
o
Free, harmorious, open - souroe, 1o ads, gocd revi. Topic 24 : Favorable Comments on Free and Open - source Products Topic 7 - Users' Discussion on Al Intelligent Interaction Technology User, A, neligon,interacion, technolog
L e RO, R R, B0
2 . &
Picture, phco,upoad, ger Topic 25 : Functions of Picture and Photo Uploading, Generation and Parsing Topic words Topic 8 : Experience Feedback on Long - term System Busyness Systom busy,bu
ap. i, B Bk T PE W8 ol X, W
% 7
App review. very good.frstme, downlcad. Topic 26 : Feedback on First - time App Download and Review Topic 9 : Support and Encouragement for Domestic Al Ghina, como on, AL, Chinese, model
ME M. KE RN WEE
Dialogua, upper e, longh, re Topic 27 : Feedback on Issues of Dialogue Length Limitation Topic 10 : Feedback on Issues Related to Registration, Login, and Verification Codes able

Topic 28 : Comparative Evaluation of Product Practicality Topic 11 - Suggestions for Optimizing Voice Functions
w4 B R A RE
" 59
Topic 29 : Suggestions for Optimizing Search Functions Topic 12 : Negative Evaluation of Software Reply Function Sofware, answer, garbage, a it necd.
o1, gpito, B, grok. 1R BR. S 9% B ER
"
o1, gpteo, aleady. gok, comparable Topic 30 : Discussions on Comparison with Other Products Topic 13 : Suggestions for Picture Recognition and Sharing Functions Picture, recognize, share, suggestion, generale
BE %3, 2k T pad, K, R 9. REt
7 50
Alaba, leam.log i, not bad, Topic 31 : Experience of Accessing and Learning in Online Services. Topic 14 : Demands for Adapting Software to Tablets 1Pad, version, adapttion, pit-screen, as soon as possile
B Fr BFE BR RAH T R x
16 )
Login,cant log n, unable tolog n, abremal,server. Topic 32 : Issues of Login Failure Caused by Server Abnormality Topic 15 : Issues of Tablet Interface Adaptation Tablel, ntrtace, adaptation, version.
B8 KP. BFL WA 6@ B XE BERT WA, BE
15 %
Login (attampt), connectfonetwrk. unabl to log in, netwark, circe. Topic 33 : Feedback on Login Failure Caused by Network Issues Topic 16 : Discussions on Security-Related Concerns Atack, America, hacker atlack, overseas, hacke.

Figure 2. Graphical map of topic words in Chinese and English.

Topic 0 (largest cluster, 1332 reviews) focuses on server busyness and handling, revealing technical
failures and user frustration—confirming server stability as a core bottleneck. Topic 1(401 reviews)
reflects positive evaluations of basic interactions, serving as a benchmark for retained advantages.
Topic 2 (166 reviews) and Topic 9 (79 reviews) show strong approval for domestic Al, supporting
DeepSeek’s differentiated positioning as a Chinese Al product.

For device adaptation, Topic 3 (iPad expectations), Topic 14 (iPad demands), and Topic 15 (tablet
interface issues) collectively account for 233 reviews, highlighting user demand for smooth cross-
device use. For advanced functions, Topic 11 (voice optimisation) and Topic 13 (image
recognition /sharing) emphasise need for voice accuracy, response speed, and simplified image
operations—guiding improvements from ‘usable’ to ‘user-friendly.” Technical defects, though in
smaller clusters, require high priority: Topic 17 (bugs/documents), Topic 21 (voice interaction
defects), Topic 32 (server-related login failure), Topic 19 (abnormal replies), and Topic 20 (special-
period answering issues) all impact core functionality.

In summary, optimisation priorities are: (1) improve server stability (Topic 0) and fix critical defects
(Topics 17, 21, 32); (2) optimise multi-device adaptation (Topics 3, 14, 15) and advanced functions
(Topics 11, 13); (3) maintain advantages in basic interactions (Topic 1) and domestic Al recognition
(Topics 2, 9).

BERTopic thematic clustering analysis
The BERTopic hierarchical clustering results reveal the distribution of user reviews across multiple

themes and the underlying structural relationships. As shown in the hierarchical clustering (Figure
3), user feedback is highly diverse, with themes exhibiting both distinct boundaries and
interconnections. In the visualisation, each colour represents a topic cluster formed through
hierarchical merging, indicating groups of semantically related topics. Based on detailed
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examination, these themes were consolidated into nine major categories that capture the breadth
of user concerns and experiences.

Hierarchical Clustering
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Figure 3. Thematic hierarchical clustering diagram.
(I) Technical and server issues

This category focuses on recurring technical problems, including server failures, overload, and
software vulnerabilities. Topic 0, the largest cluster (1,332 entries), centres on keywords like ‘server
busy and ‘try again,’ reflecting widespread user frustration with server instability; Topic 8
highlights the impact of prolonged system busyness, while Topic 17 relates to bugs and document-
related failures. These findings confirm that technical stability is a core factor shaping user
experience.

(2) User evaluation and feedback

User sentiment shows a clear polarised pattern. Topic 1 (401 entries) contains positive evaluations
such as ‘very good’ and ‘like,” while Topic 4 and Topic 6 include negative descriptors like ‘garbage’
and mot easy to use.’ This contrast between positive and negative feedback provides direct
guidance for targeted product optimisation.

(3) Device adaptation and functions

This category centres on adaptation needs for iPads and tablets, with a particular focus on requests
for split-screen support and interface refinement. Topic 3 (144 entries) is the main carrier of such
feedback, while Topic 14 and Topic 15 further supplement issues related to tablet interface
adaptation. This indicates that cross-device compatibility is crucial for improving user satisfaction.

(4) Al technology and applications

Several themes reflect strong user recognition of domestic generative Al: Topic 2 praises the app’s
Al capabilities, while Topic 7 and Topic 9 involve intelligent interaction and national pride in
Chinese Al models. It is evident that user expectations for the product extend beyond basic
functionality to include deeper technological and cultural value.

(5) Account and login
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Problems in this category focus on verification code abnormalities and login failures, often linked
to server instability, mainly involving Topic 10, Topic 32, and Topic 33. This phenomenon
underscores the critical role of infrastructure in ensuring seamless user access.

(6) Image functions

User demands for image recognition, sharing, and generation features are primarily reflected in
Topic 13 and Topic 25. As image-based interaction becomes more prevalent, strengthening these
functions has become a necessary direction for improving product usability.

(7) Product features and security

Topic 24 reflects user appreciation for the app’s free, open-source, and ad-free features, while
Topic 16 concerns security risks such as hacking and overseas attacks. Together, they reveal that
affordability and trustworthiness are the dual keys to sustaining user engagement.

(8) Functional abnormalities and special scenarios

Topic 19 discusses anomalies in the answering function, while Topic 20 focuses on service failures
during peak periods. This shows that stability in high-demand scenarios is as crucial as daily
reliability.

(9) Download and interaction

Topic 23 highlights inefficiencies in the download process, while Topic 27 addresses dialogue
length limitations. Such feedback emphasises the need to further optimise interaction smoothness
and reduce operational friction for users.

Overall, the nine thematic categories span technical infrastructure, user sentiment, device
adaptation, Al applications, account access, image processing, product features, functional
stability, and interaction design. They reveal both persistent technical pain points and sources of
user appreciation, such as open-source availability and domestic Al innovation. Overall, these
topics offer comprehensive feedback on user experience, providing referenceable ideas for goal
optimisation and user-centred product development.

Results of sentiment analysis
The results of sentiment analysis are presented through two visualisations: Figure 4 illustrates the

overall distribution of review sentiments, while Figure 5 depicts the sentiment tendency across
different topics.
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Sentiment Distribution
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Figure 4. Distribution chart of review sentiments.

Sentiment Analysis
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Figure 5. Visualisation of topic-sentiment distribution.

The overall sentiment distribution (Figure 4) reveals a pronounced tendency toward negative
evaluations. Notably, 1-star reviews constitute 42.2% of the total, suggesting that nearly half of
users express dissatisfaction and perceive substantial shortcomings in product experience. By
contrast, highly positive feedback is limited: 5-star reviews account for 19.5% and 4-star reviews
10.8%. Neutral (3-star) and moderately negative (2-star) reviews represent 13.4% and 14.1%
respectively. In sum, only 30.3% of reviews are positive (4-star and 5-star combined), underscoring
the dominance of negative sentiment and the urgent need for product refinement.

The sentiment distribution across topics (Figure 5) further highlights differences in emotional
responses. Topics centred on technical and server instability show an overwhelming negative
sentiment, with 1-star ratings significantly outnumbering other star levels. Specifically, Topic O
focuses on feedback regarding server busyness and subsequent handling, while Topic 8 centres on
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feedback about long-term system busyness and user experience. The consistent negative
tendency of these two topics indicates that recurring system failures and unstable infrastructure
directly undermine users’ trust in the product.

Positive evaluations of user-endorsed topics are concentrated in two scenarios, with a notably
higher proportion of 4-star and 5-star reviews—reflecting users’ recognition of the product’s
usability and accessibility. One scenario relates to product usage experience, covered by Topic 1,
which mainly carries users’ positive evaluations of product use. The other relates to product
attributes, focused on Topic 24, which gathers users’ favourable reviews on free and open-source
products. These two types of topics together form the core source of positive sentiment. Topics
related to domestic Al development also show a dominant high-star rating tendency, consistent
with the positive inclination of user-endorsed topics but with a more specific focus. Among them,
Topic 2 covers high-level evaluations of domestic Al assistants, and Topic 9 focuses on support
and encouragement for domestic Al. The high-star ratings of these two topics directly reflect
users’ emotional identification with local Al innovation. Topics involving functional anomalies and
situational use exhibit a clear negative tendency, with a prominent proportion of 1-star and 2-star
reviews. The negative sentiment of these topics mainly stems from unmet functional expectations:
Topic 19 addresses feedback on abnormal reply functions, and Topic 20 relates to feedback on
answering questions during special periods. Both topics confirm that functional defects directly
translate into users’ negative affect.

In summary, four core conclusions can be drawn: 1) Technical stability is the primary inducement
of negative sentiment; 2) Positive sentiment mainly stems from product performance, cost-
effectiveness, and emotional identification with domestic Al; 3) Functional anomalies in specific
scenarios significantly intensify negative perceptions; 4) Sentiment tendencies are highly
associated with user experience, which can provide targeted basis for subsequent optimization.

Analysis of the five elements of user experience

The five elements of user experience, as a crucial framework for evaluating a product's alignment
with user needs, offers a comprehensive diagnosis of the product experience across its strategy,
scope, structure, framework, and surface planes. Based on the preceding analysis, Figure 6 will be
used to explain the current state of the product experience at each plane, providing a clear
direction for the formulation of optimisation strategies.

Information Research, Vol. 31 No. iConf (2026)

245



Current Pain Points The Five Elements of User Experience

Optimization Focus

« High negative sentiment overall.
« Low user evaluation of comprehensive
experience.

5. Surface

« Poor device adaptability.
« Layout doesn't consider device diversity.

4. Framework

« Obstacles in interaction design.
« Logic fails to ensure user operation
smoothness.

3. Structure

« Extensive functions, but with loopholes. 2.Scope
« Insufficient adaptation in key areas.
« Product goals disconnect from user needs. 1. Strategy
« Technical instability affects core
experience.
Five layers

Figure 6. Analysis of the five elements of user experience.

Five Elements of User Experience Core Theme
Presentation Layer Feedback on First-time App Download and Review
Experience of Accessing and Learning in Online Services
Favorable Comments on Free and Open-source Products
Positive Experience Evaluation of Product Use
High-level Favorable Evaluation of Software
Emotional Companionship
High-level Evaluation of Domestic Al Assistants
Support and Encouragement for Domestic Al
Comparative Evaluation of Product Practicality
Discussions on Comparison with Other Products
Product Negative Evaluation and Avoidance Reminder
Scope Layer Suggestions for Optimizing Search Functions
Suggestions for Optimizing Voice Functions
Suggestions for Picture Recognition and Sharing Functions
Feedback an Abnormal Reply Functions
Feedback on Defects of Voice Interaction Functions
Negative Evaluation of Software Reply Function
Feedback on Product Vulnerabilities and Document Issues
Feedback on Answering Questions During Special Periods
Functions of Picture and Photo Uploading, Generation and Parsing
Issues of Download Reply and System Busyness
Structure Layer Feedback on Issues of Dialogue Length Limitation
Feedback on Login Failure Caused by Network Issues
Feedback on Issues Related to Registration, Login, and Verification Codes
Issues of Login Failure Caused by Server Abnormality
Framework Layer Issues of Tablet Interface Adaptation
Demands for Adapting Software to Tablets
Expectations for Adaptation on Non-Desktop Platforms
Strategic Layer Users’ Discussion on Al Intelligent Interaction Technology
Feedback on Server Busyness and Subsequent Handling
Experience Feedback on Long-term System Busyness
Discussions on Security-Related Concerns
Related to Database Update and Maintenance
Negative Experience and Complaints about System Busyness

Figure 7. Heatmap of the five elements of user experience and topic-sentiment mean values.
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Presentation Layet Scope Layer Structure Laye Framework Layer Strategic Laye

Figure 8. Box plot of sentiment mean values for the five elements of user experience.

By grouping and aggregating the star ratings for all reviews within each topic, a mean sentiment
value for each topic was calculated (Mean Sentiment = sum of review star ratings (1-5, 5 = most
positive) within a topic /number of reviews), resulting in a heatmap and a box plot.

Figure 7 and Figure 8 respectively present the hierarchical results of the five elements based on
BERTopic topic modelling and the calculation of the mean sentiment, as well as the sentiment
distribution characteristics. The heat map reveals the differences in the mean sentiment of user
evaluations under different topics: some topics in the performance plane and the scope plane have
relatively high means, reflecting that users have certain positive feedback in the initial contact and
the use of some functions; however, topics related to system stability, login interaction, download
and reply functions are generally in the low mean range, indicating a significant concentration of
negative sentiments.

The box plot further shows the dispersion of sentiment distribution within different planes, among
which the user sentiment in the performance plane is the most positive, with feedback generally
concentrated and the highest satisfaction. The mean sentiment of the framework plane is relatively
high and concentrated, indicating that user feedback is relatively positive. The sentiment feedback
in the scope plane has the greatest difference, suggesting that there are both extremely good and
extremely poor topics within this plane. While the strategy plane and the structure plane show a
relatively concentrated but overall lower evaluation trend.
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Discussion

This study provides a structured understanding of DeepSeek's user experience by integrating
topic analysis from BERTopic, sentiment assessment, and Garrett's five elements of user
experience (Garrett, 2010). Analysing approximately 8,000 Chinese user reviews, the study
identifies latent topics and emotional responses across strategic, functional, structural,
framework, and surface aspects. Key concerns include technical stability, functional
completeness, and interaction flow, while positive feedback highlights Al innovation,
accessibility, and emotional recognition. These insights offer a comprehensive view of user
satisfaction, guiding improvements for DeepSeek and similar Al applications.

Analysis of latent topics in DeepSeek’s Chinese user reviews
The topic analysis identified 34 core topics, which were further synthesised into nine categories

covering technical and server issues, user evaluations, device adaptation, and functional features.
These categories highlight the key areas of user concern, with negative sentiment concentrated
on server overload, unreliable performance, and functional vulnerabilities, whereas positive
feedback emphasised the application’s affordability, domestic Al innovation, and perceived utility.
Mapping these topics onto Garrett’s five elements of user experience provides a structured lens
for interpreting the patterns of user experience.

Strategic plane: The strategic dimension reflecting the consistency between product goals and
users’ core expectations is significantly challenged by technological instability. One-star negative
reviews {42.2%) are mainly focused on server overload and system crashes, indicating that the
primary demand for reliability from users has not been met. Notably, time analysis shows that
these complaints were most prevalent during the early release stage. This was due to the provision
of a high-performance, free, and open-source domestic Al model, which led to an unexpected
influx of a massive number of users and developers to DeepSeek, causing server overload within a
short period. Studies have shown that system reliability directly affects users' trust formation and
technical acceptance (Thorne, 2024). Moreover, this concentration of negative feedback on server
overload can also be explained from a psychological perspective. According to the theory of
negativity bias, negative experiences are more likely to capture attention and trigger expressive
behaviour (Baumeister et al., 2001). Recent research has further revealed a tendency towards
polarity self-selection in online reviews, whereby users who experience extreme events are more
likely to post evaluations, which can result in a concentration of negative feedback (Schoenmueller
et al., 2020). These findings suggest that technological stability should be prioritised as a strategic
goal, as failures at this plane can spread negative perceptions throughout downstream user
experience elements.

Scope plane: The product's functional coverage is extensive, but critical gaps can undermine its
effectiveness. User feedback has highlighted issues in Al interaction capabilities, image processing,
and device compatibility, particularly in the iPad and tablet environments. Complaints surrounding
these functions indicate that incomplete or inconsistent functional implementation reduces
perceived usefulness. These studies emphasise that functional reliability and comprehensive
functional delivery are crucial for maintaining user satisfaction in Al applications. Therefore, scope
optimisation should focus on addressing key vulnerabilities, enhancing multi-device compatibility,
expanding Al and multimedia capabilities, and ensuring both the breadth and depth of
functionality.

Structural plane: Interaction design and workflow impede smooth operation. Users highlighted the
friction in account registration and login (e.g., failed verification codes) and the limitations on
dialogue length, which collectively reduce operational fluency. Research shows that although large
language models like ChatGPT have outstanding question-answering capabilities, if users cannot
engage in in-depth discussions over long sections and multiple rounds, the completeness and
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depth of the information they obtain will be affected, thereby reducing their overall satisfaction
with the system (Shen et al.,, 2023). To mitigate these effects, structural optimisation should
streamline user workflows, simplify the authentication process, and enhance dialogue interaction
mechanisms, thereby reducing operational friction and improving perceived usability.

Framework plane: Interface adaptability across devices remains inconsistent. reviews highlighted
display and layout issues on the iPad and other tablet devices, indicating that cross platform
interface design is not ideal. By leveraging device specifications and usage pattern databases to
achieve device specific layout optimisation, interface consistency can be enhanced, and functional
and aesthetic experiences can be maintained across platforms.

Surface plane: Issues in terms of strategy, scope, structure, and framework are manifested at the
surface plane as overall user sentiment. The predominance of negative reviews highlights that the
overall perception of the product is hindered by accumulated defects. Positive emotions are
concentrated on the domestic development of artificial intelligence capabilities and the
accessibility of open source, indicating that when the functional and interaction layers are
adequately addressed, technological innovation and value perception can meaningfully enhance
satisfaction. This further indicates that the user acceptance results of artificial intelligence
technology are jointly determined by reliability, perceived usefulness, and perceived ease of use
(Choung et al., 2023).

In summary, deficiencies at the foundational plane (strategy and scope) propagate through
interaction and perception planes, creating a hierarchical dependency in UX elements that
ultimately affects overall user satisfaction.

Factors behind user satisfaction and dissatisfaction

The sentiment analysis provides a nuanced understanding of how users perceive DeepSeek.
Negative sentiment clusters around server instability, system anomalies, and functional gaps,
reinforcing user dissatisfaction at multiple UX planes. Positive feedback primarily concerns
functional success, emotional recognition (such as Al companionship), and alignment with
domestic Al expectations. This polarity underscores the interplay between technical performance,
functional completeness, and perceived value in shaping overall user experience.

Integrating sentiment with the five elements framework reveals systemic misalignments: strategic
goals diverge from user stability expectations; scope-related gaps indicate incomplete
functionality or adaptation issues; structural inefficiencies manifest in cumbersome registration
and dialogue limitations; framework inconsistencies affect cross-device interface experience; and
surface-plane sentiment reflects the cumulative effect of these issues. Such integration
demonstrates the hierarchical and interconnected nature of user experience elements in
generative Al applications.

Based on these insights, phased suggestions for improving user experience were put forward. At
the strategic plane, prioritising technological stability and server reliability is essential. Scope
optimisation should address key functional gaps, improve multi-device compatibility, and ensure
consistency in Al and multimedia capabilities. Structural improvements include streamlining user
workflows, simplifying authentication, and enhancing dialogue mechanisms. Framework-plane
recommendations involve responsive design and interface adaptation to maintain consistency
across devices. At the surface plane, fostering positive emotional engagement through functional
reliability and highlighting Al innovation can enhance perceived value.

Suggestions for optimising user experience

Based on the topic and sentiment analysis of DeepSeek user comments, systematic optimisation
recommendations can be proposed to enhance overall user experience.
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At the strategic plane, users are most concerned with server stability and reliability, with frequent
reports of crashes, delays, and overloads undermining trust. Implementing load balancing,
automated monitoring, rapid response protocols, and enhanced performance testing can ensure
service continuity and lay a stable foundation for further improvements.

At the scope plane, feedback highlights missing core functionalities, inconsistent Al interaction,
and limited device compatibility, especially on tablets. Refining key features, standardising Al
behaviour, optimising multi-device adaptation, and expanding functional coverage can deliver a
more cohesive and valuable experience across scenarios.

At the structural plane, registration, login, and conversation interactions create friction, such as
failed verification codes or restricted dialogue lengths. Streamlining these processes, improving
dialogue mechanisms, and incorporating guidance and error tolerant design can reduce friction
and enhance usability.

At the framework plane, inconsistent interfaces across devices affect perception and visual
continuity. Responsive design, device specific layouts, and unified interface standards can improve
cross-platform consistency and aesthetic experience.

At the surface plane, sentiment reflects the cumulative effect of underlying planes. Positive
emotions relate to innovation, open-source advantages, and domestic Al features, while negative
sentiment stems from unresolved issues. Emphasising technological value and domestic Al
strengths, and establishing dynamic feedback tracking, can reinforce satisfaction and create a
continuous improvement loop.

Through these strategies, DeepSeek can improve interaction quality, functional consistency, and
perceived value while maintaining core stability, transitioning from reactive problem-solving to
proactive value creation.

Conclusion

This study systematically examined user reviews of the DeepSeek APP by integrating BERTopic
topic modelling with sentiment analysis. The analysis identified 34 core topics, which were further
synthesised into nine categories, covering technical and server issues, user evaluations, device
adaptation, and functionality. Sentiment analysis revealed that 42.2% of reviews expressed
negative experiences, largely related to server instability, system failures, and functional
vulnerabilities, while 30.3% of positive reviews highlighted the app’s practicality and its advantages
as a free, open-source domestic generative Al application. An additional assessment using the five
elements of user experience underscored substantial optimisation needs across all planes—
strategy, scope, structure, framework, and surface.

This study follows an analytical pathway that begins with identifying user-reported problems and
then moves towards diagnosing experience elements and formulating optimisation strategies. The
analysis systematically processing user reviews and turning fragmented, subjective experiences
into interpretable patterns of user experience. Through this method, it provides an empirical
evidence base for optimising generative Al applications, rather than relying on subjective
assumptions. Meanwhile, generative Al applications are treated as information systems embedded
in information practices. User reviews capture not only evaluations of specific functionalities but
also how users understand system capabilities, interaction mechanisms, and output quality in
practical usage scenarios. Based on empirical analysis of authentic feedback from Chinese users,
the findings further indicate that this methodology effectively identifies interaction and
experience issues. It provides an expandable and transferable analytical pathway for
understanding the use of generative Al. Moreover, these findings further underscore the value of
a user-centred, data-driven approach to guiding the responsible design and deployment of
generative Al in information practices.
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Nevertheless, the study has limitations. It relied solely on textual review data, omitting behavioural
metrics such as session duration and interaction logs that could reveal implicit needs.
Methodologically, topic modelling parameters may influence topic granularity, and sentiment
analysis did not account for demographic differences in user perspectives.

Future research should therefore: (1) integrate behavioural and textual data for multi-source
analysis, (2) combine sentiment analysis with user profiling to capture group-specific experiences,
and (3) conduct longitudinal review tracking to establish a closed-loop evaluation of ‘analysis-
optimisation—feedback.” Advancing along these directions will enhance both the methodological
depth and practical utility of user experience research.
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