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Abstract
Understanding online patient dissatisfaction is essential for improving the quality of healthcare services, patient satisfaction,
and physician career development. This study is the first to apply the structural topic model to patient satisfaction research
based on patient online reviews from a mobile health communication platform, revealing eight negative topics of patient
concerns. These topics include under-explored areas such as “go to the hospital for check-ups,” “incomplete counseling,”
and “language expression.” Additionally, we incorporated the doctor’s title as a covariate in the model to examine how spe-
cific topics varied across different conditions. The results indicated that higher-titled doctors were more likely to receive
complaints about the cost of treatment and whether the question was answered, whereas lower-titled doctors were
more likely to receive complaints related to physician’s knowledge, incomplete counseling, and response speed. This
study not only enhances our understanding of mobile health services but also provides targeted insights for healthcare pro-
viders to improve their services, thereby contributing to the advancement of patient-centered care.
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Introduction
The integration of mobile health (mHealth) technologies in
disease management has shown significant promise in
enhancing patient outcomes and facilitating efficient health-
care delivery.1 Recent studies highlight the potential of
mHealth to improve disease monitoring, patient engage-
ment, and overall health management.2–4 These advance-
ments underline the crucial role of mobile health in
modern healthcare systems, making it an indispensable
tool in disease management. Therefore, how online
doctors can use this novel approach to better serve their
patients has become an important issue.

In order to achieve this, an important aspect is to collect
and analyze patient feedback to understand the demands of
new age patients. In earlier studies, patient feedback was
usually collected through face-to-face interviews and ques-
tionnaires. For example, in a survey on mHealth services,
Alam et al.5 found that mHealth services were perceived
as trustworthy and cost-effective through interviews and

content analyses of 16 households. However, in other
surveys, researchers noted that patients had concerns
about sharing adverse healthcare experiences.6 Therefore,
it is worth considering more modern and efficient
methods of obtaining patient feedback better to understand
their needs and concerns in mHealth services.

Online reviews, as a new source of information, offer
new opportunities to address this issue. The design of
review mechanisms for online healthcare service platforms
is inspired by the e-commerce, through which patients vol-
untarily share their healthcare experiences and opinions.7

Online reviews usually allow patients to use anonymity or
pseudonyms, which provides a sense of security and
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allows them to freely express their opinions and grievances
without fear of possible conflict or discomfort.8 However,
the presence of these negative online comments can also
be damaging. They can adversely affect the reputation of
healthcare providers and reduce patient trust in healthcare.9

Patel et al. showed in a survey of physicians that healthcare
professionals often feel criticized and frustrated when faced
with negative feedback online, which reduces their job sat-
isfaction and engagement.10 Therefore, an in-depth analysis
of the factors influencing online patient dissatisfaction is
necessary to improve online patient satisfaction and avoid
the potential harm caused by negative online reviews.

In the realm of online healthcare, patients, through pro-
longed interactions and comparisons, have increasingly
recognized the significance of doctors’ professional
capital, such as their titles and affiliations. They tend to
place greater trust and willingness to pay in doctors with
higher levels of professional capital.11 The recognition of
professional capital holds a very high priority for patients,
to some extent that they may overlook other characteristics
of doctors.12,13 Consequently, in this work, we plan to use
data from patient comments following consultations on
mHealth platforms to reveal antecedents of online patient
dissatisfaction. Specifically, we plan to answer the follow-
ing questions: what are the areas of concern for dissatisfied
patients? How do patients’ dissatisfaction levels differ
across physicians with different professional capitals (i.e.
doctor titles)?

Although many studies have examined the influences
associated with online patient satisfaction, there are signifi-
cant differences between the current work and previous
investigations. First, from a methodological perspective,
our study is the first to apply a structural topic model
(STM) to patient satisfaction. While other automated text
analysis methods, such as Latent Dirichlet Allocation
(LDA), are widely used in text data analysis, it is necessary
to be aware of the method’s limitations. In the online health
domain, patients may mention aspects of dissatisfaction in
addition to satisfaction, such as a positive comment,
“Resolved my distress, although a bit slow to respond
halfway through.” For this type of text, LDA is usually dif-
ficult to handle. If only positive review texts are modeled,
the researcher may get a negative topic and vice versa. In
contrast, the STM model overcomes the limitations of the
LDA approach because it allows document-level variables
(e.g. the polarity of the comment text, i.e. positive or nega-
tive) to be incorporated into the generation of textual data.14

Based on this feature, the STM model can more accurately
reveal thematic differences between positive and negative
comments in statistical tests.

Second, exploring whether patient dissatisfaction varies
by doctor title goes beyond the findings of the existing lit-
erature. In the current healthcare system, a doctor’s profes-
sional title is a valuable capital that healthcare practitioners
have acquired through good education and hard work.15

It is well-documented that doctors’ professional titles
have become a symbol of their status and professionalism
and are essential for patients to choose their doctors.16

Given patients’ concerns about doctors’ professional
titles, patients may have certain expectations about
doctors’ titles, for example, believing that a doctor with a
senior title will be better able to solve their problems.
However, this expectation may lead to increased patient
expectations of doctors. A survey from the UK suggests
that dissatisfaction may be triggered as soon as a patient’s
healthcare experience does not match expectations.17

Thus, for patients, the title of the doctor may be an essential
factor contributing to differences in their comment topics.
Examining the impact of this individual difference in phy-
sicians about the level of patient dissatisfaction will help
provide more specific and targeted recommendations for
improving mHealth services.

The remainder of this study is organized as follows. In
the “Literature review” section, we review existing research
on online patient reviews and explain the details of the STM
model. The “Data and model settings” section details the
data and model setup for this study. In the “Results”
section, we present the results of the investigation. In the
“Discussion” section, we discuss the effects and implica-
tions of the study and point out the limitations of the
current study and future research directions.

Literature review

Research related to patient dissatisfaction

“Patient dissatisfaction” refers to patients feeling dissatis-
fied with their online healthcare services or care experi-
ences. Over the past two decades, online reviews have
made it more straightforward and familiar for patients to
express negative perceptions of healthcare services.6,9

These negative feedbacks often reflect the quality of health-
care services and reveal patients’ emotional and psycho-
logical state, profoundly impacting healthcare experiences
and outcomes.18 Given the importance of negative patient
feedback in online health, a growing body of research
aims to identify and understand the factors that trigger dis-
satisfaction to develop targeted improvements.

In the past, manual coding has been the preferred method
for identifying complaints in online review texts. By devel-
oping a coding framework, Zhang et al.19 content-analyzed
negative patient online review texts, showing that insuffi-
cient time for medical consultations, physician impatience,
and poor treatment outcomes were the main reasons for
patient complaints. However, while manual coding
methods help to keep results interpretable, they do suffer
from the limitations of data samples and researcher
subjectivity.

With the development of information technology, auto-
mated text analysis has become a mainstream method for
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patient online review mining. Among them, automated
tools such as the widely adopted LDA topic model can
process large amounts of online review data more effi-
ciently and extract key topics and factors from them. For
example, Gao et al. analyzed 19,852 patient reviews in an
online healthcare service platform based on LDA, and
they outlined patient concerns from six dimensions of a
service quality evaluation model.4 However, due to the lim-
itations of LDA, the researchers could not directly deter-
mine the polarity of the topics or observe the influence of
other variables on the topics directly from the output.
Researchers have made various attempts to overcome this
shortcoming. For example, Hao et al.20 modeled negative
patient reviews individually to tap into common dissatisfac-
tion influences in Chinese and US patient review texts,
including logistics, bedside attitudes, and medical treat-
ment. Stokes et al.21 deviated from existing text analytics
approaches by developing a hybrid framework combining
star ratings on websites and topic discovery capabilities to
reveal certain negative and positive topics for mental
health care facilities. In addition, researchers are interested
in other variables that may lead to differences in patients’
review perspectives, not only topic polarity. For example,
through a combination of SentiNet and LDA, Shah et al.
considered differences in satisfaction with physician ser-
vices across patients (high-risk and low-risk disease), sug-
gesting that treatment experience, communication,
physician attitudes, and the appointment process were the
main factors contributing to dissatisfaction among patients
with high-risk disease, in contrast to low-risk patients
whose complaints came more from the environment,
unfriendly staff, physicians regarding pain management
skills and cost of treatment.22

The present study fully develops the current stream of
research. We introduced a novel approach, STM.
Compared to LDA, the critical feature of STM is that it pre-
sents document-level structural information to influence the
prevalence of topics. This feature gives STM a unique
advantage when dealing with textual data, especially in
contexts where document-level variables are linked to
textual content. In recent years, the application areas of
STM have expanded. STM-based research has covered
various fields, such as hospitality, tourism, e-commerce,
and lodging.23–26 However, to our knowledge, STM has
not been adopted in the online health communication litera-
ture. Therefore, this study aims to combine the advantages
of STM to analyze the critical issues in patients’ online con-
sultation process more comprehensively and in-depth to
improve the quality of healthcare services and patient
satisfaction.

Structural topic model

To analyze patient satisfaction and dissatisfaction, text
mining techniques are widely used. One of the prominent

methods is LDA, which has been employed to identify
latent topics within large sets of textual data.27 However,
LDA has limitations in accounting for external factors
that might influence topic prevalence. To address this, our
study employs the STM model, an advanced method that
extends LDA by incorporating document-level covari-
ates.28 This allows us to explore how different factors,
such as the doctor’s title and the sentiment of reviews, influ-
ence the topics discussed by patients.

The STM model is particularly relevant to our research
as it offers an effective way to analyze the thematic struc-
ture of patient reviews while considering covariates. STM
allows us to understand the complex dynamics of patient
dissatisfaction by revealing how specific issues vary with
different covariates. For example, by including the
doctor’s title as a covariate, we can examine how com-
plaints differ between higher-titled and lower-titled
doctors, providing insights into the role of professional
status in patient dissatisfaction.

Data and model settings

Data collection and pre-processing

We followed the following process for data collection and
pre-processing for this study. First, there was data collec-
tion. The patient review data came from the Chunyu
Doctor, a leading mobile health platform in China with a
broad user base. The platform not only provides a conveni-
ent online consultation service but also accumulates many
accurate comments left by patients after consultation,
including text comments and ratings. Given the richness
of the platform’s data, many studies have used the platform
as a data source. We wrote a Python-based program to
obtain all patient review data in the platform for the
period 2020.01.01 to 2023.12.31. A total of 45,002 inde-
pendent online review samples were obtained by removing
short review data (less than five words29) and removing
duplicate samples.

The second step is to select an appropriate sample
dataset for the study. In e-commerce platforms, due to indi-
vidual selection bias, there is usually a J-distribution in the
review samples, that is, there are far more positive than
negative reviews.30 The Chunyu Doctor platform has a
rating mechanism similar to those of these e-commerce
platforms and thus suffers from the same problem. In our
sample, the rating labels consisted of three types: satisfac-
tion, general, and dissatisfaction, and their percentages in
the dataset were 0.724, 0.051, and 0.225, respectively.
Given that the goal of this study is to extract topics and
pay special attention to the topics that appeared in negative
reviews, we need to balance the number of positive and
negative reviews when constructing the topic model to
ensure the consistency of the sample.31,32 To achieve this,
and in line with Hao et al.,20 we attributed general and
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dissatisfaction to negative comments and satisfaction to
positive comments. However, after processing, the data
still showed a significant imbalance. Therefore, referring
to the study by Hu et al.,30 we planned to build a corpus
and use random sampling for sample selection to achieve
an equal number of positive and negative comments.
Specifically, we regarded each doctor as an independent
service provider, and considering the seasonal characteris-
tics of the disease, we set up a sampling procedure, that
is, if a doctor receives n negative reviews in a particular
quarter, we randomly select n positive reviews received
by that doctor in the same quarter. Finally, we obtained
3070 review data that can be used to construct STM topic
models and further analyses.

The third step is to pre-process the text data. This con-
sists of the following steps. (1) non-Chinese characters
such as URLs, spaces, numbers, and punctuation marks
were removed23 and (2) the lexical analysis model of
Baidu AI (https://cloud.baidu.com/product/nlp_basic/
lexical) was used to segment and annotate the comment
text lexically. One advantage of choosing this model is
that it not only performs well in identifying the basic struc-
ture of the core vocabulary but also in identifying new
vocabulary and proper nouns in the domain. Also, based
on the lexical annotations given by the model, we have
eliminated personal names, conjunctions, prepositions, aux-
iliaries, and dummy words that have little meaning in the
sentence. (3) Replace synonyms in the comment text
using manual annotation with the help of Harbin Institute
of Technology and HIT-CIR Tongyici Cilin (extended).
This is because the same meaning can be represented by dif-
ferent words in the Chinese context (e.g. recover and
cured), and the presence of a large number of synonyms
may make the subject difficult to interpret.4,33 (4)
Remove the deactivated words (e.g. of, had, and bar) in
the comment text according to the Chinese deactivation
word list. In this process, we manually identified other
deactivated words (e.g. doctor and patient) related to the
online consultation, which occur frequently in all docu-
ments but have little effect on topic detection.34,35 (5)
Filtering some irrelevant words. Following the suggestion
of Lester et al.,36 we removed the lowest 5% of words in
both positive and negative review texts by calculating the
average tf-idf scores of the words. We used the R software’s
Predocument and Plotremoved to identify and remove low-
frequency words appearing in fewer than three docu-
ments,37 which will help improve the STM model’s
performance.

Model setup and selection

The goal of our study is not only to analyze what topics
exist in online patient reviews but also to examine how
these topics affect their satisfaction and how they change
with physician titles. To achieve this goal, we need to

specify a model for STM, which will be used to simulate
how different factors affect the topic prevalence parameter.
These factors include the polarity of the review (polarity),
the doctor’s title (doctor_title), and their interaction (polar-
ity× doctor_title). Polarity is 1 if the comment is positive
and 0 otherwise. doctor_title is a categorical variable, that
is, chief physician, associate chief physician, attending
physician, and physician are coded as 4, 3, 2, and 1, respect-
ively. We then constructed the model to describe the rela-
tionship between topic prevalence and these factors
through equation (1).

prevalence = g(polarity, doctor title, polarity

× doctor title) (1)

Another critical issue in STM modeling is the selection of
the number of topics. In order to determine the optimal
number of topics, this study constructed several STM
models based on the number of topics (from 2 to 30).
Following Ding et al.24 and Hu et al.,30 we selected exclu-
sivity and semantic coherence as the model evaluation cri-
teria. Exclusivity refers to the likelihood that words in a
topic appear in other topics, and semantic coherence
refers to the probability that common words in a topic
appear in the same comment text. Usually, as the number
of topics increases, exclusivity shows an increasing trend,
but semantic coherence shows a decreasing trend.
Therefore, selecting the number of topics is essential to
trade-off based on the values of these metrics and to
check the interpretability of the model at the same time.24

Based on these considerations, we finally specified the
number of topics for the model in this study as 14.

For the selected sample of 3070 reviews, all statistical
analyses and data manipulations in this study were per-
formed using R version 4.2.1. All tests were conducted
with a significance level of P< 0.05 as the criterion for stat-
istical significance.

Results

Topic summary and identification

To present the study results, we provide a clear summary in
Table 1. Each row of Table 1 represents a topic that reflects
the patient’s concerns in the review. The first column of the
table is a unique serial number assigned to each topic. The
second column lists the labels for each topic, which the
researcher manually labeled to describe the topic better.
The third and fourth columns are the outputs of the
model. Among them, the third column shows the
frequency-exclusivity (FREX), which are keywords that
are highly relevant to the topic and less relevant to other
topics. The fourth column shows the proportion of occur-
rences of each topic in the corpus, which indicates how
often the topic appears in all comments.
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The critical topic label inference task is achieved by ana-
lyzing FREX, representative comments, and the literature
review. Firstly, FREX provides more semantically mean-
ingful labels for topics by taking into account word fre-
quency and exclusives. Second, considering that each
document contains multiple topics representing a broad
range of the entire corpus, we also better understand the
content and relevance of the topics by analyzing represen-
tative documents for each topic, especially those with the
most significant proportion of focal topics. Finally, it is
essential to note that our study is the first attempt to intro-
duce STM modeling into online health communication.
To enable comparison with previous studies, the name of
each topic was considered based on the topic labels identi-
fied in previous studies, but if no matching topic labels
could be found, then these topics were identified through
manual analysis and group discussion. As shown in the
fifth column of Table 1, by comparing the topics extracted
from the STM with previous literature, we found that four
of the 14 topics had yet to be addressed in earlier literature.
They were “go to the hospital for check-ups” (Topic 5),
“incomplete counseling” (Topic 9), “language expression”
(Topic 13), and “timely help” (Topic 14).

Negative topic analysis

The main advantage of STM is that it not only helps us dis-
cover topics, but more importantly, it allows us to quantify
covariates to influence the distribution of topics in a docu-
ment.42 This unique feature allows us to understand how
different topics vary in a given context, thus allowing us
to identify negative topics.

Figure 1 shows the mean of the estimated differences in
topic prevalence (dots), along with their 95% confidence
intervals (lines). When the confidence intervals lie precisely
to the left of the vertical line, the topic is significantly more
frequent in negative than in positive comments, and the dif-
ference is statistically significant. These are labeled as
“negative topics” because they have a considerably higher
and statistically substantial prevalence in negative com-
ments than positive ones.30 For example, “treatment cost”
(Topic 10) appeared in negative comments on average
11.5% more frequently than positive comments, and this
difference was statistically significant within the range of
11.0% and 11.9%. Similarly, we identified other negative
topics, which included “physician’s knowledge” (Topic
4), “waiting time” (Topic 7), “go to the hospital for check-
ups” (Topic 5), “whether answer questions” (Topic 6),
“response speed” (Topic 8), “incomplete counseling”
(Topic 9), and “language expression” (Topic 13). In add-
ition, the positive topics were “treatment effects” (Topic
3), “explanation” (Topic 11), “recommendation of care”
(Topic 2), “patience” (Topic 12), and “timely help”
(Topic 14). In contrast, “finding doctors in platform”
(Topic 1) did not show significant thematic polarity

(across the center line); a possible explanation for this is
that mHealth platforms merely provide a place for patients
and doctors to interact online and that the doctor is the
actual service provider to the patient. Therefore, patients
rarely have a positive or negative perception of the platform
directly.

As mentioned earlier, we paid particular attention to
negative topics in the text of patient comments. By analyz-
ing Figure 1 in-depth, firstly, we found that “treatment cost”
(Topic 10) was the most negative topic. It describes the mis-
match between the healthcare costs paid and the value of
services received. This is in line with previous studies,
which have shown that the issue of treatment cost is one
of the most frequently occurring topics in negative
reviews.22,43 Secondly, time-related topics, including
“waiting time” (Topic 7) and “response speed” (Topic 8),
were also negative. Waiting time (Topic 7) refers to the
interval between when a patient asks a question and when
the doctor attends. At the same time, speed of response
(Topic 8) refers to the speed of the doctor’s response in
treating the patient’s inquiry after attending the doctor’s
appointment. Thus, these two topics primarily reflect the
efficiency of doctors’ attendance and response, negatively
affecting patient experience. Healthcare-related topics,
including “go to the hospital for checkups” (Topic 5), “phy-
sician’s knowledge” (Topic 4), and “whether answer ques-
tions” (Topic 6), were also significant sources of patient
dissatisfaction. The results suggest that online consultations
offer convenience but have many uncertainties and limita-
tions.44–46 Due to the lack of physical conditions, it is some-
times difficult for doctors to diagnose based on limited
information and ask patients to provide further test
results. In this case, the effectiveness of online consulta-
tions is challenged because under conditions of insufficient
data, the patient’s needs for this consultation may not be
met, creating questions about the doctor’s professionalism.
In addition, we are noting that “incomplete counseling”
(Topic 9) is also a negative topic. By examining the consult-
ation records corresponding to this topic, we determined
that the main reason for such complaints came from the
fact that patients continued to develop new questions and
needs during the consultation, which ultimately exceeded
the time limit of the consultation. The last negative topic
was “language expression” (Topic 13). Representative
comments on this topic indicate that doctors using too
much jargon or long, vague speech can be unintelligible
to patients and give them a negative view of the doctor’s
services.

The moderating role of doctor titles

Patient dissatisfaction with physician services may stem
from their expectations. For physicians with different job
titles, the topics that patients focus on in their online
reviews may vary.
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In Figure 2, we plot how the prevalence of the eight
negative topics changes with the physician’s title. In this
case, the horizontal axis represents the physician’s profes-
sional title (chief physician, associate chief physician,
attending physician, and physician are coded as 4, 3, 2,
and 1, respectively). The vertical axis represents the preva-
lence of the topics, with the blue line indicating the preva-
lence of positive topics, the red line indicating the trend in
the prevalence of negative topics, and the dashed portion of
the line indicating the 95% confidence intervals.

From Figure 2(a) to (c), we find that the frequency of
occurrence of (a) physician’s knowledge, (b) incomplete
counseling, and (c) response speed in the negative
comment text shows a decreasing trend with the rise of
doctor’s title. In particular, the frequency of doctor knowl-
edge in negative comments decreased sharply from 11.53%
(low title) to 7.55% (high title). This result suggests that the
expertise of low-title doctors is an essential aspect of patient
complaints, and they should recognize the importance of
continuous learning and constant improvement of their
knowledge to ensure the core function of health advice.47

In addition, incomplete counseling is another primary
reason why low-titled doctors experience patient com-
plaints. This suggests that low-titled doctors may need
more ability to manage patients’ needs or that there is sig-
nificant room for improvement. Finally, our results also
show that low-title doctors should be more wary of the
speed of response compared to high-title doctors. This
finding is interesting because low-title physicians are
often perceived to have more time and energy to engage
in online consultation services than high-title physicians.48

In an in-depth analysis, we found that low-title doctors may
face dual pressures from increased patient expectations and
capacity constraints. First, with the popularity of online
consultation services, patients are demanding more imme-
diate responses and efficient services from doctors.49–51

This expectation may be higher for lower-titled physicians,
who are perceived to be more generous with their time.
Second, low-title physicians may feel challenged when
faced with complex cases, and they need more time to care-
fully study the condition, develop a treatment plan, and
communicate adequately with the patient. Therefore,

Figure 1. Differences in the prevalence of patient review topics (positive or negative).
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Figure 2. Topic prevalence change with doctor titles: (a) physician’s knowledge, (b) incomplete counseling, (c) response speed,
(d) language expression, (e) treatment cost, (f) whether answer questions, (g) go to the hospital for check-ups and (h) waiting time.
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although lower-titled doctors may have more time and
effort in online consultation services, they still need to be
vigilant about the speed of response to ensure the quality
of care without sacrificing service efficiency and patient
satisfaction.

Figure 2(e) and (f) shows that as the doctor’s title
increases, Figure 2(e) treatment cost, and Figure 2(f)
whether answer questions, increase in frequency of nega-
tive comments and remain constant or decrease in fre-
quency in positive comments. This suggests that higher
treatment costs and the ability to solve the patient’s
problem have become crucial to online patient complaints
about high-title doctors. One possible explanation is that
highly titled doctors deal more with complex cases.
However, online consultations often lack the physical con-
ditions to make diagnosing complex problems challenging.
In this case, overpricing exacerbates patient dissatisfaction.
As a result, higher-title doctors may need to consider offer-
ing more high-quality, high-value healthcare services in the
future so that patients are more willing to pay for these
services.

We also found that the frequency of Figure 2(g) going to
the hospital for check-ups, Figure 2(h) waiting time, and
Figure 2(d) language expression in the negative reviews
were not affected by the doctor’s professional title. This
suggests that doctors should pay adequate attention to
these issues regardless of their professional title. We
observe that the frequency of Figure 2(d) language expres-
sion in positive reviews increases significantly as the
doctor’s professional title rises. In other words, while not
masking patients’ complaints about the doctor’s manner
of speaking, the doctor’s professional title can serve as an
icing on the cake. This finding emphasizes the importance
of doctors’ communication skills and that a good speaking
style helps patients better understand medical advice,
comply with treatment plans, and feel more cared for.

Discussion
In this study, we aimed to gain insight into the critical
factors of online patient dissatisfaction. To achieve this
goal, we used the innovative approach of the STM model
to obtain and analyze accurate patient review data on
mobile healthcare service platforms. Based on the strengths
of the STM model, we incorporated document-level covari-
ates, that is, review text polarity and doctor’s professional
title, to identify trends among covariates for a given topic
and to statistically test them. Our study not only represents
a methodological breakthrough but also provides a more
comprehensive and precise insight into online patient dis-
satisfaction complaints.

First, based on STM, we identified 14 topics in patient
review texts, each articulating a specific aspect of patient
concern. Notably, four of these topics, namely “go to the
hospital for check-ups” (Topic 5), “incomplete counseling”

(Topic 9), “language expression” (Topic 13), and “timely
help” (Topic 14), have not been fully explored in the exist-
ing literature. These topics provide new insights that can
guide healthcare providers in addressing unmet patient
needs and improving their services.

Second, by including the polarity of the comment text as
a covariate in the prior distribution of STM, our study
reveals eight key factors contributing to patient dissatisfac-
tion in the context of mHealth consultations. These factors
can be regarded as the authentic voice of patient complaints
because, unlike previous explorations of only negative
comment texts,19 we identified them in a statistically sig-
nificant way as appearing significantly more frequently in
negative than in positive comments. Furthermore, among
these factors, “go to the hospital for check-ups” (Topic
5), “incomplete counseling” (Topic 9), and “language
expression” (Topic 13) did not in previous studies appear
or be identified as negative topics. Specifically, the emer-
gence of Topic 5 about “go to the hospital for check-ups”
sparked our interest. In previous studies, medical consulta-
tions have often focused on online diagnosis and advice. In
contrast, hospital check-ups may be considered a routine
step unlikely to trigger complaints.22 However, our results
suggest that some online patients are skeptical about the
requirement to go to the hospital for check-ups, which
may be related to patient’s lack of understanding of the
healthcare process and the limitations of online visits.
Second, Topic 9 about “incomplete counseling” also
raised our concerns. Platform doctors are asked to provide
services within a limited timeframe. While previous
studies have widely emphasized the positive effect of
response timeliness on patient satisfaction,50 the complete-
ness of the consultation needs to be addressed. In contrast,
our results emphasize the importance of managing patient
demands, and online doctors should try to avoid generating
too many new demands during the consultation process.
Finally, Topic 13 on language expression highlights the
importance of verbal communication in medical consulta-
tions. Patients can be susceptible to a doctor’s language
and manner of expression, and an inappropriate style of
speech can lead to patient dissatisfaction. Thus, our study
identifies not only new patient complaint factors but also
provides new directions for improving online medical
counseling services.

Finally, to the best of our knowledge, this work explores
the impact of doctors’ professional titles on patient com-
ments for the first time. Our survey results present some
interesting findings revealing significant differences in
patients’ concerns about higher-titled and lower-titled
doctors when they complain. Specifically, our study
showed that higher-titled doctors were more likely to
receive complaints about the cost of treatment and
whether the question was answered. This phenomenon
may reflect patients’ higher expectations of the healthcare
services provided by higher-titled doctors. Higher-titled
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doctors usually have more clinical experience and expert-
ise, so patients may be more concerned about whether the
cost of treatment is reasonable and whether their health pro-
blems are adequately addressed. This is of great signifi-
cance for high-titled doctors as it emphasizes the need to
improve the quality of the service and for patients to feel
that they are getting value for money. At the same time,
lower-titled doctors were more likely to receive complaints
about expertise, consultation completeness, and response
speed. This implies that lower-titled doctors may sometimes
be challenged by inadequate knowledge, difficulty in man-
aging patient needs, and inefficient responses. Therefore,
lower-titled doctors may need to consider more resources
and support to help them improve their medical knowledge
and response efficiency to provide better care.

In terms of theoretical contributions, our study enriches
the understanding of possible reasons for online patient
complaints by uncovering a previously unidentified influ-
ence mechanism: the effect of physicians’ professional
titles on patient comments. Furthermore, we have validated
the feasibility and superiority of the STM model in the field
of digital health research, providing insights for future
studies that may utilize other text analysis methods to
mine online patient reviews within this domain.
Practically, our findings hold significant implications for
healthcare providers and policymakers. Understanding the
specific areas of patient dissatisfaction enables the design
of targeted interventions aimed at enhancing patient satis-
faction and improving service quality. For instance, training
programs can be developed to enhance communication
skills among junior doctors, and strategies can be imple-
mented to address cost-related concerns raised by patients.
Moreover, platforms can leverage physicians’ professional
titles to emphasize specific areas of focus during registra-
tion or upon each login, offering timely prompts and exam-
ples to encourage conscious improvements in these aspects.
Additionally, our research offers a framework for continu-
ally refining and strengthening mobile health services
using patient feedback, enabling dynamic and timely
improvements in patient satisfaction.

However, several limitations of this study deserve
further exploration in future research. Firstly, this study
solely selected data from a single mobile health platform.
The unique characteristics of this platform’s user base, as
well as China’s specific cultural factors, may both influence
patient satisfaction to some extent, which will make the uni-
versality of this study in other populations and cultures to
be verified. Secondly, to better construct the STM model,
this study balanced the number of positive and negative
comments, which might introduce bias and fail to capture
important nuances potentially implied in patient feedback.
Lastly, when considering the interactions of covariates,
this study only took into account the impact of doctors’ pro-
fessional titles. Yet, prior literature suggests that in China’s
Confucian culture, patients’ expectations regarding doctors’

gender roles may be more prominent.52,53 Doctor character-
istics like these can be a potential influence, but may be
overlooked.

Future research can focus on validating the findings of
this study in more different types of mobile health services.
Validation in different cultural backgrounds is also worth
exploring to improve the applicability of these findings in
different contexts. At the same time, future research
should aim to further explore more factors that may affect
patient complaints and establish a more comprehensive
model based on this study.

Conclusion
Our study expands the understanding of negative topics for
online patients. Furthermore, we have discovered that
patients hold distinct expectations towards doctors with dif-
ferent professional titles. They tend to be more critical of
senior doctors in terms of treatment costs and
problem-solving capabilities, while being particularly sen-
sitive to the professional knowledge, consultation com-
pleteness, and response speed of junior doctors. These
findings can provide valuable insights for healthcare provi-
ders and policymakers, potentially leading to significant
improvements in online patient satisfaction in the future.
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