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ABSTRACT

The prevalence of the “positive rating plateau” in Online Healthcare Consultation 
(OHC) hinders a clear understanding of the critical constraints required for service 
improvement. This study aims to identify the necessary conditions for high and 
low patient ratings. We utilized a dataset of 517,026 patient narrative reviews and 
adopted an LLM-based weak supervision approach to quantify 12 emotion categories. 
Subsequently, Necessary Condition Analysis (NCA) was conducted on patient reviews 
for 625 physicians, to identify necessary emotion categories and their bottleneck levels 
for high (5-star) and low (1-3 star) ratings. The results revealed that positive emotions 
are not necessary for high ratings. In contrast, Disappointment and Distrust (d = 0.390, 
p < 0.001) emerged as the core necessary condition for low ratings. Additionally, Price 
Complaints (d = 0 .196, p < 0.001) and Poor Communication (d = 0.180, p < 0.001) 
exhibited distinct bottleneck characteristics across varying low-rating rates. Beyond 
informing a “stepwise improvement strategy” for physicians to place greater emphasis 
on caring practices and optimizing bilateral service design for platforms, this study 
establishes a low-cost and high-precision analytical paradigm fusing LLM-based weak 
supervision with NCA to address the semantic complexity and data sparsity inherent in 
unstructured medical text.
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INTRODUCTION

With the rapid development of digital technologies in the healthcare sector, 
Online Healthcare Consultation (OHC) has become a critical channel for 
alleviating the uneven distribution of medical resources and improving service 
accessibility (Wang et al., 2025). For healthcare providers, OHC serves not 
only as a tool to extend service boundaries but also as an important platform 
for obtaining economic returns (Li and Hu, 2025). Against this background, 
patients’ Online Reviews have become one of the key indicators for users 
to evaluate healthcare service quality (Zhang et al., 2025). These massive 
amounts of unstructured textual data not only reflect patients’ experiences 
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and sentiments but also influence the medical decision-making of subsequent 
patients and the service performance of healthcare providers (Yang et al., 
2025). Therefore, deeply mining semantic information within patient reviews 
holds significant theoretical and practical value for understanding the 
mechanism of online physician-patient interaction and optimizing platform 
services.

Figure 1: Workflow for LLM-based weak supervision and NCA.

The current online review system faces the severe challenge of a “positive 
rating plateau”. Existing research indicates that patient reviews in OHC 
exhibit a significant “inverse L-shaped” distribution, meaning that the vast 
majority of ratings tend to be high, while low ratings are scarce (Fan et al., 
2022). This prevalence of high ratings creates a bottleneck for traditional 
linear analysis methods (such as regression analysis) in explaining “how to 
further improve services”, as these methods focus on demonstrating the net 
effects of variables and struggle to identify the bottleneck factors required to 
achieve high performance (Dul et al., 2023). Specifically, it is unknown which 
emotional elements are necessary for obtaining high ratings, and which serve 
as the baseline for avoiding low ratings.

Furthermore, traditional hand-coding or dictionary-based text analysis 
methods often face limitations in efficiency or accuracy when processing 
massive volumes of reviews, particularly when dealing with complex 
contexts (Madanay et al., 2024). Although Large Language Models (LLMs) 
have demonstrated immense potential in medical text processing (Luo et al., 
2024), how to integrate them with necessity analysis to systematically explore 
the necessity constraints behind patient ratings remains a gap in the current 
literature.

To address these limitations, this study aims to integrate LLM-based weak 
supervision with Necessary Condition Analysis (NCA) to deeply investigate 
the necessary factors contributing to high and low patient ratings in OHC. By 
leveraging this novel analytical structure to reveal the necessity mechanisms 
underlying the formation of high and low ratings, this study provides specific 
improvement paths for healthcare providers to break through the “positive 
rating plateau” and offers a reference for OHC platforms to design more 
adaptive service feedback mechanisms.
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METHODOLOGY

The research process is illustrated in Figure 1. This process integrates large-
scale unstructured text processing with necessity inference, comprising five 
main phases: (1) Data collection and preprocessing; (2) Literature-based 
definition of fine-grained emotion categories; (3) LLM-based weak supervision 
and knowledge distillation; (4) Physician-level variable construction; and 
(5) Necessity and bottleneck analysis.

Data Collection and Preprocessing

The data for this study were sourced from a mainstream Chinese OHC 
platform, Dingxiang (Dxy.com). This platform hosts a vast number of 
practicing physicians, allowing patients to leave ratings and textual reviews 
after consultations. Using the web crawler Octoparse (Octoparse.com), 
we collected publicly available anonymous patient ratings and textual 
reviews between August and September 2025 for physicians with over 
200 rating records, in accordance with the platform’s terms of service, and 
without collecting any identifiable or sensitive personal information. Our 
preprocessing procedures included: (1) removing reviews with low semantic 
load (fewer than 5 Chinese characters or 10 characters); (2) cleaning non-
textual noise such as special symbols, continuous punctuation, and garbled 
text; and (3) eliminating duplicate content and reviews containing significant 
non-Chinese text. Ultimately, we obtained a corpus of 517,026 valid patient 
reviews.

Definition of Emotion Categories

To extract emotion from unstructured reviews, this study constructed a 
fine-grained emotion classification based on prior research regarding OHC 
service quality, online physician-patient relationships and interaction.

First, drawing on the SERVQUAL model and related theories, we mapped 
emotion categories to four core dimensions: Technical Quality, Interpersonal 
Quality, Process Quality, and Patient State, to cover the full spectrum of 
patient emotion after the OHC (Shan et al., 2019; Wu and Lu, 2018; Yang 
et al., 2025). On this basis, we defined 12 specific emotion categories. These 
include six positive categories (Reassured and Relieved, Professional and 
Trustworthy, Caring and Supportive Attitude, Patient Gratitude, Convenience 
and Efficient Process, Clear and Effective Communication) and six negative 
categories (Disappointment and Distrust, Perceived Medical Error and Safety 
Risk, Price Complaints, Waiting Time and Delay Frustration, Patient Anxiety 
and Worry, Poor Communication). These categories comprehensively cover 
the diverse emotions embedded in patient textual reviews.

LLM-Based Weak Supervision and Knowledge Distillation

Given the massive volume of the corpus, traditional manual annotation was 
cost prohibitive. Furthermore, negative reviews were significantly scarcer 
than positive ones (Class Imbalance). Therefore, this study designed a training 
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strategy integrating stratified sampling, LLM-based weak supervision, and 
knowledge distillation to enhance the model’s ability to identify sparse 
negative emotions.

First, to ensure training data covered all emotion categories, especially rare 
negative reviews, we performed stratified sampling based on star ratings on 
the raw corpus, extracting a total of 33,300 representative review samples. We 
selected DeepSeek-chat for weak supervision due to its superior performance 
in understanding Chinese contexts. We designed a prompt containing role 
definition, task instructions, and output constraints to instruct the model to 
perform multi-label classification and output a Confidence Score. The prompt 
example is: “You are an emotion analysis expert. Please read the review and 
annotate based on the predefined 12 categories. Strictly output JSON format 
containing labels and confidence score...”. To ensure the quality of pseudo-
labels, we implemented a “Human-in-the-loop” calibration strategy. We 
inspected samples based on the confidence scores output by the LLM’s results. 
It showed that when confidence exceeded 0.8, the annotation highly aligned 
with human judgment, requiring almost no modification. Consequently, 
we manually corrected all pseudo-labels with confidence below 0.8 and 
combined them with samples above 0.8 to form a “Silver Standard” dataset.

Addressing the instability of model training caused by the scarcity of 
negative emotion samples, we adopted a 5-Fold cross-validation strategy to 
construct a teacher model group. Specifically, we divided the 33,300 annotated 
samples into five folds and trained five independent ERNIE 3.0 (ernie-3.0-
xbase-zh) classifiers as the “Teacher Ensemble”. We then transferred the 
ensemble knowledge from these five teacher models to a single ERNIE 3.0 
Student Model via distillation techniques. Ultimately, this student model 
achieved a weighted F1 Score of 0.8917 on the test set, demonstrating that 
the method could balance recognition rates for both positive and negative 
categories in highly imbalanced emotional data. Specifically, the student 
model produces probability scores for each of the 12 emotion categories 
at the review level. To convert probabilistic outputs into binary emotion 
indicators, we applied a fixed decision threshold (prob_threshold = 0.4), 
whereby emotions with predicted probabilities above this threshold were 
retained for subsequent analysis. Subsequently, we employed this student 
model for full corpus annotation.

All analyses described above were conducted using Python 3.11.13.

Variable Construction

To explore the necessary conditions for breaking through the “positive 
rating plateau”, we defined and calculated two outcome variables for each 
physician based on patient star ratings: (1) the high-rating ratio, defined 
as the proportion of 5-star ratings; and (2) the low-rating ratio, defined as 
the proportion of 1–3-star ratings. For condition variables, we calculated 
the proportion score for each physician across the 12 emotion categories 
by dividing count of each category’s reviews by the physician’s total review 
count. To minimize statistical bias from small review sizes, we only included 
physicians with more than 300 textual reviews. Ultimately, 625 physicians 
were included in the NCA analysis sample.

NECESSARY CONDITION ANALYSIS (NCA)

This study employs Necessary Condition Analysis (NCA) to identify the 
necessary conditions producing high ratings or low ratings. Unlike traditional 
regression analyses that focus on the net effects of variables, NCA aims 
to identify necessary rather than sufficient relationships, where a certain 
condition (e.g., a good attitude) must reach a minimum level for the outcome 
(e.g., a high positive-rating ratio) to occur.

Specifically, we performed the analysis using the NCA package in R. The 
Ceiling Line was estimated using the Ceiling Envelopment-Free Disposal 
Hull (CE-FDH) technique. This method generates a stepwise, non-decreasing 
envelope line along the upper-left boundary of the scatter plot observations, 
offering flexibility for various data distributions without presuming a 
functional form. We quantified the strength of necessity by calculating the 
effect size d. According to established standards, a condition was deemed a 
necessary condition if d > 0.1 and the permutation test showed statistical 
significance (p < 0.01) (Dul et al., 2023). Subsequently, we conducted a 
bottleneck analysis to quantify the minimum threshold levels required for 
each emotion category to achieve varying levels of rating outcomes (e.g., a 
90% positive rating rate).

RESULTS

Distribution of Emotion Categories Across Review Star Ratings

Figure 2 illustrates the distribution of the 12 fine-grained emotion categories 
across review star ratings. From an overall perspective, positive emotions 
overwhelmingly dominate 5-star reviews; 4-star reviews begin to exhibit a 
mixed state of positive and negative, whereas from 3-star to 1-star reviews, 
negative emotions rapidly occupy most of the content.

Figure 2: Distribution of fine-grained emotion categories across different star ratings.

Specifically, within the 5-star and 4-star reviews, the three most prevalent 
emotion categories are Professional and Trustworthy, Caring and Supportive 
Attitude, and Patient Gratitude. The proportions of these three categories are 
relatively balanced, constituting the core of patient satisfaction. In contrast, 
among 3-star to 1-star reviews, Disappointment and Distrust consistently 
accounts for the largest proportion, followed by Poor Communication. 
A longitudinal comparison across low-star ratings reveals that the proportions 
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of Disappointment and Distrust and Poor Communication remain relatively 
stable between 3-star and 1-star reviews. The primary dynamic variation 
is that as the rating drops from 3-star to 1-star, the proportions of Price 
Complaints and Waiting Time and Delay Frustration, which relate to the 
OHC platform experience, show a distinct upward trend. Notably, Patient 
Anxiety and Worry is one of the few emotion categories that consistently 
appears across all star ratings and remains visibly present in each rating 
group, although its proportion varies across rating levels.

Distribution of Physician Sample Characteristics

Figure 3 presents the characteristics of the 625 physicians included in the 
NCA analysis. Regarding job title distribution, the sample is dominated by 
Attending Physicians (n = 269) and Associate Chief Physicians (n = 263). In 
comparison, junior Physicians (n = 9) and senior Chief Physicians (n = 84) 
are relatively fewer in number.

Figure 3: Distribution by price, practice duration, job title, and total consultation 
volume.

Regarding total consultation volume (ball size), there is a substantial 
disparity among individuals (from 1,395 to 64,902). Data indicate that the 
primary contributors to online consultation volume are concentrated among 
physicians who began practicing between 1995 and 2020. This interval 
coincides with the densest distribution of Attending and Associate Chief 
Physicians, suggesting that middle-aged and young physicians exhibit the 
highest activity levels on the OHC platform.

Regarding consultation price, the sample pricing ranges from 10 to 880 
RMB but is primarily concentrated in the 19 to 199 RMB band. Within 
this mainstream price range, no significant linear relationship was observed 
between price and total consultation volume. Furthermore, there was no 
significant correlation between the physicians’ start of practice and their 
pricing. Relatively high-priced samples (>200 RMB) mainly originate from 
the Associate Chief Physician and Chief Physician groups, reflecting the price 
premium capability associated with higher professional titles.
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Descriptive Statistics of Variables

Figure 4 visually displays the proportional distribution of the twelve emotion 
categories, the 5-star ratings, and the 1–3-star ratings at the physician level 
via boxplots, with the extremes of each variable shown in the square brackets.

Figure 4: Descriptive statistics of proportions of emotion category and ratings.

First, the results reveal an extreme asymmetry in rating distribution within 
the OHC. The rate at which physicians receive 5-star ratings exhibits a 
significant ceiling effect, with the distribution concentrated in the high range 
of 79.8% to 100%. In contrast, the rate of 1–3-star ratings are compressed 
within the low range of 0% to 19.6%. Second, among positive emotion 
categories, Patient Gratitude, Professional and Trustworthy, and Caring 
and Supportive Attitude are the three most frequently mentioned categories, 
constituting the core content of positive patient feedback. In contrast, 
Convenience and Efficient Process has the lowest mention rate among 
positive emotions (with an extremely low median and a distribution range 
of only 0.6%–16.9%). This indicates that although process convenience is a 
core competency of OHC services, patients rarely actively praise it. Finally, 
among the negative emotion categories, most types (e.g., Price Complaints) 
exhibit low and narrowly distributed mention ratios, whereas Patient 
Anxiety and Worry stands out with both a comparatively higher prevalence 
and substantially greater inter-individual heterogeneity, with the maximum 
mention rate reaching 47.0%. This significant fluctuation range seems to 
imply substantial differences among physicians in their ability to address and 
alleviate patient anxiety.

Necessity and Bottleneck Analysis of Emotion Categories

Figure 5 presents the results of the NCA for high and low ratings (with effect 
size d and significance p listed on the right).

For positive emotion categories, according to mainstream NCA standards 
(d > 0.1, p < 0.01), no emotion category was identified as a necessary 
condition to be improved in the context of aiming to break through the 
“positive rating plateau”. Regarding negative emotion categories, the results 
reveal significant necessary conditions. First, Disappointment and Distrust 
is the core necessary factor for the generation of low ratings, with a large 
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effect size (d = 0.390, p < 0.001). Subsequently, conditions with medium 
effects are Price Complaints (d = 0.196, p < 0.001), Poor Communication 
(d = 0.180, p < 0.001), and Perceived Medical Error and Safety Risk 
(d = 0.136, p < 0.001).

Figure 5: NCA results (Right: Effect Sizes and Significance) and bottleneck scores of 
emotion categories for high and low rating outcomes (Left) (***p<0.001, *p<0.05).

Further bottleneck analysis reveals the dynamic characteristics of 
these necessary conditions at different review-rate thresholds. As a direct 
manifestation of dissatisfaction, the bottleneck level of Disappointment and 
Distrust exhibits an approximately linear growth trend as the 1–3-star review 
rate increases. For other categories, the constraining effects demonstrate 
certain phasic characteristics: (1) When the 1–3-star review rate is in a high 
range (i.e., many low ratings), the bottleneck level of Price Complaints is 
very high, followed by Perceived Medical Error and Safety Risk, and finally 
Poor Communication. This implies that physicians with relatively lower 
ratings must have received a higher volume of price complaints. (2) As the 
1–3-star review rate drops to a medium range, the bottleneck level of Poor 
Communication becomes relatively higher, while the levels of Perceived 
Medical Error and Safety Risk and Price Complaints decline rapidly. This 
suggests that after reducing medical errors and price disputes, physicians who 
still have relatively high ratio of low ratings must have limited communication 
skills. The above results indicate that the formation of low ratings exbibits 
stepwise constraint characteristics.

DISCUSSION

Given the relative prevalence of patient anxiety among negative emotions, 
physicians must realize that patients in OHCs, particularly those with 
chronic diseases, often carry severe psychological burdens (Liu et al., 2022). 
Consequently, the medical service paradigm needs to place greater emphasis on 
caring practices that include emotional support, alongside clinical treatment. 
Research demonstrates that emotional support and patience explanation are 
key drivers for enhancing patient satisfaction (Yang et al., 2025).

Based on the bottleneck analysis results from NCA, we propose a “stepwise 
improvement strategy” for physicians with a high ratio of low ratings. First, 
mitigating “Price Complaints” is the primary strategy; pricing that far exceeds 
the patient’s estimated cost can easily trigger a sense of injustice (Wu and Lu, 
2018). This strategy does not imply a simple price reduction, as our results 
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found no significant linear relationship between pricing and consultation 
volume within mainstream price ranges. Physicians should scrutinize whether 
their pricing strategy matches the complexity of the condition and the depth 
of service provided (e.g., response word count, interaction frequency) to 
alleviate patient dissatisfaction regarding cost-effectiveness. Second, after 
addressing pricing complain points, improving communication serves as the 
advanced path. For example, physicians can enhance patients’ willingness to 
consult by providing high-quality content responses, appropriate emotional 
expression, suitable response times, and appropriately in-depth interaction 
(Kong et al., 2025).

Additionally, platforms should optimize bilateral service design. From 
the patient perspective, platforms should guide users to provide structured 
feedback on dimensions such as communication experience and cost-
effectiveness through designing review tags. This helps overcome the sparsity 
of textual data and capture full-dimensional emotional signals. From the 
physician perspective, given physicians’ limited time and energy, the platform 
should provide customized improvement pathways for physicians at different 
development stages based on NCA results. For instance, the platform could 
push reasonable pricing reference ranges to physicians in the price-complaint 
bottleneck stage (Wu and Lu, 2018), or provide high quality physician-patient 
dialogue templates to physicians constrained by insufficient communication 
experience, thereby strengthening their communication skills (Li and Hu, 
2025). Furthermore, the platform should utilize these fine-grained emotion 
profiles to achieve more precise physician-patient matching, thereby reducing 
low ratings caused by expectation mismatches.

This study innovatively proposes a research method fusing LLM-based 
weak supervision with NCA, thereby providing a cost-effective and high-
precision paradigm to address challenges such as semantic complexity, class 
imbalance, and data sparsity in unstructured medical texts (Madanay et al., 
2024). Notably, we revisit the formation mechanisms of patient ratings from 
a “necessity” perspective, precisely identifying the necessary conditions and 
their bottleneck levels for the formation of low ratings, thereby offering a 
novel perspective for explaining phenomena such as the “ positive rating 
plateau”.

There are two limitations in this study. First, the use of cross-sectional 
data limits inferences regarding dynamic relationships, failing to capture 
the dynamic impact of changes in physician pricing strategies or platform 
policy adjustments on reviews (Yang et al., 2025). Second, data from a single 
platform may contain sample selection bias. Future research could combine 
longitudinal data across multiple platforms to further explore the dynamic 
evolutionary patterns of necessary conditions across different departments 
or disease types.

CONCLUSION

This study innovatively integrates LLM-based weak supervision with NCA 
to uncover the necessary conditions underlying the formation of OHC 
patient ratings. The results indicate that positive emotions are not necessary 
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conditions for obtaining high ratings. In contrast, the formation of low 
ratings is premised on specific emotions: Disappointment and Distrust 
serve as the core necessary condition, whereas Price Complaints and Poor 
Communication exhibit distinct phased bottleneck characteristics across 
different low-rating rates. Therefore, physicians with high rates of low ratings 
should follow a stepwise improvement strategy ranging from reasonable 
pricing to communication optimization, thereby placing greater emphasis 
on caring practices. Furthermore, platforms can leverage NCA insights to 
provide bilateral services for both patients and physicians. This study not 
only provides a cost-effective, high-precision analytical paradigm to address 
the challenges of semantic complexity and data sparsity in medical texts but 
also offers a scientific basis for understanding the online physician-patient 
interaction process and improving service quality.
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