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Abstract

Background: Internet hospitals have emerged as a innovative telemedicine model in China, providing online services like
consultations, prescription renewals, and report interpretations. These platforms generate a vast amount of authentic, patient-
written text describing symptoms and needs. While Natural Language Processing (NLP) and Large Language Models (LLMs)
offer powerful tools for text analysis, a significant gap exists in applying these techniques to systematically decode and
categorize the specific service intents within real-world clinical texts from internet hospitals. Most existing research relies on
data from social media or forums, not from actual clinical practice.

Objective: This study aimed to leverage AI to analyze patient descriptions from an internet hospital platform with three primary
objectives:
1.To develop and optimize a specialized large language model for understanding unstructured clinical narratives.
2.To analyze and categorize the specific service intents expressed in patients' medical descriptions.
3.To examine the distribution of these patient intents across different clinical departments to reveal demand patterns for strategic
planning.

Methods: The study retrospectively collected 16,457 de-identified patient consultation records from a tertiary hospital's internet
hospital in China. A hybrid methodology was employed: First, an unsupervised learning approach was used to discover intent
categories. Patient texts were converted into embeddings using the chinese-roberta-wwm-ext-large model, reduced in
dimensionality with UMAP, and clustered using K-Means, which revealed eight distinct intent categories. Subsequently, a
random sample of 5,000 records was manually annotated by three clinical experts based on these categories (achieving high inter-
rater agreement, Fleiss' Kappa = 0.82). This labeled dataset was then used to fine-tune the pre-trained model, and its performance
was compared against traditional machine learning models (e.g., SVM with TF-IDF features).

Results: The analysis successfully identified eight coherent patient intent categories. The most prevalent needs were "Online
Interpretation of Existing Medical Reports" (25.5%) and "Initial Consultation" (24.4%). The fine-tuned chinese-roberta-wwm-ext-
large model achieved the best performance with a weighted F1-score of 0.7030, outperforming traditional models. A highly
significant association was found between clinical departments and the types of patient intents (?² = 8874.241, p < .01). Based on
standardized residual analysis, four distinct operational models for internet hospitals were synthesized:

Centralized Efficiency Departments (e.g., Dentistry, Dermatology): Strongly associated with "Initial Consultation" and "Online
Test Booking."
Long-Term Management Departments (e.g., Hematology, Gastroenterology): Primarily linked to "Prescription Renewal for
Chronic Diseases."
Balanced Departments (e.g., Nephrology, ENT): Managed a diverse mix of intents like "Report Interpretation" and "Online
Follow-up."
Low-Engagement Departments (e.g., Neurosurgery, Oncology): Primarily used for "Report Interpretation" and "Remote
Guidance," serving an auxiliary role.
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Conclusions: This study demonstrates that a hybrid AI methodology effectively identifies and categorizes patient service intents
within internet hospitals. The findings reveal a clear, efficiency-driven allocation of patient demand, with core services being
report interpretation and initial consultations, and significant variation across departments. This provides a critical evidence base
for hospitals to optimize resource allocation, design specialized operational models for different departments, and strategically
develop their telemedicine services. Future work should focus on refining categories, integrating multimodal data (e.g., images),
and modeling temporal consultation sequences for a more comprehensive understanding.

(JMIR Preprints 21/10/2025:86216)
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What  Services  Do  Patients  Need  from  Internet  Hospitals?  An  AI-Powered  Text
Classification Study of Patient’ Requests
Introduction
The Rise of Internet Hospitals and the Centrality of Patient-Generated Text
In China, internet hospitals have emerged as an innovative telemedicine model that has attracted
widespread attention. These platforms leverage in-person medical records and resources to provide
online healthcare services for remote patients[1,2], integrating both online and offline resources to
establish  seamless  information  channels  throughout  the  entire  consultation  process[3].  Through
online platforms, patients can now complete multiple diagnostic and treatment processes without
visiting  hospitals  in  person:  real-time  access  to  test  reports,  online  prescription  renewals  and
medication  purchases,  remote  consultations  with  doctors—traditionally  cumbersome  aspects  of
healthcare—can all be efficiently managed via smartphones[4,5]. The Covid-19 pandemic triggered a
peak  in  internet  hospital  utilization  and  accelerated  policy  support,  leading  to  their  formal
authorization for managing common and chronic diseases and prompting many traditional hospitals
to establish their own platforms[6,7]. These internet hospitals, which typically leverage the resources
of large tertiary hospitals,  can mitigate problems such as long waiting times and limited service
accessibility,  which is particularly significant given that tertiary hospitals in China still  handle a
massive volume of outpatient visits.
The  data  for  this  study  was  sourced  from  a  WeChat  Mini  Program  of  an  internet  hospital  in
Guangdong  Province,  China.  This  program  provides  a  suite  of  characteristic  internet  hospital
services,  encompassing eight  core functions:  online consultations,  health  advice,  chronic disease
prescription renewals, report inquiries, online payments, self-service test orders, medication delivery,
and exam scheduling. Figure 1 illustrates the typical patient journey within this Mini Program, from
login and service selection to final consultation. This operational context generates the primary data
for our research: the original textual descriptions written by patients.
Figure 1. Internet-Based Medical Consultation Flowchart

Research Landscape: NLP in Healthcare and the Persisting Gap
Internet hospitals, as a convenient model of care, have proven particularly beneficial for patients with
chronic diseases and those with limited mobility[8]. A core function is online consultation, which
begins  with  patients  writing  self-reports  of  their  symptoms.  These  firsthand  accounts—detailing
symptoms,  medication  history,  and  health  concerns—directly  reflect  patients’ authentic  medical
needs and constitute a rich corpus for analysis. Current studies on medical texts primarily focus on
leveraging Natural Language Processing (NLP) techniques to analyze textual data in the healthcare
domain.  Key research directions include the development of recommendation systems for online
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medical consultations  [9] and multi-faceted analysis of digital healthcare interactions by analyzing
online reviews[10]. While these studies provide forward-looking insights, the majority rely on data
from social media comments, online forums, and similar informal sources. In contrast, our research
is  grounded  in  real-world  clinical  practice,  focusing  specifically  on  texts  generated  by  patients
throughout the complete clinical pathway within internet hospitals.
Zhang et  al.  analyzed negative  reviews on the  Haodf.com platform using manual  annotation—a
method offering precision but facing significant efficiency challenges when processing large-scale
patient  data[11].  However,  with  advancements  in  artificial  intelligence,  Large  Language Models
(LLMs) and machine learning techniques have substantially facilitated text analysis. Despite this, a
critical gap remains: the application of these advanced AI techniques to systematically decode and
categorize the specific service intents from authentic, clinically-embedded consultation texts from
internet  hospitals.  This  study  aims  to  leverage  machine  learning  methodologies  to  analyze  this
extensive textual dataset, thereby achieving an optimal balance between accuracy and processing
efficiency while addressing this gap.
Study Objectives and Contributions
The objectives of our study are threefold:
1.Developing and optimizing a specialized large language model for medical text to improve its
capability in understanding and processing unstructured clinical narratives.
2.Analyzing  and  categorizing  the  intents  expressed  in  patients'  medical  descriptions  on  online
healthcare platforms to determine the specific services they seek.
3.Examining the distribution of these patient intents across different clinical departments to reveal
patterns in demand for strategic operational planning.

Method
Data Collection
This  study  retrospectively  collected  all  de-identified,  internet-based  consultation  records  from a
tertiary hospital in Guangdong Province, China, between November 2024 and March 2025. The use
of real-world data from operational digital health platforms is increasingly recognized as crucial for
developing pragmatic AI solutions, as it captures the full spectrum of patient communication in a
naturalistic  setting[12].  Our  dataset  included  structured  fields  and  unstructured  texts,  primarily
consisting of patients'  self-reported "symptom descriptions." This analysis focuses exclusively on
these descriptions to investigate patient intent, a approach that aligns with the paradigm of leveraging
patient-generated text for understanding healthcare needs[13].
Data Preprocessing
We initiated the analysis with 18,254 raw patient descriptions. A rigorous preprocessing pipeline was
implemented in Python 3.10 to ensure data quality. This involved the removal of null entries and
anomalous  texts.  Subsequently,  we  applied  regex-based  normalization  to  strip  URLs,  excessive
whitespace, and irrelevant symbols, while carefully preserving clinically critical information such as
numerical values and units. This meticulous cleaning process is a critical, often underemphasized
step in clinical NLP pipelines, as data quality has been shown to be a primary determinant of final
model performance[14]. This process yielded a refined corpus of 16,457 high-quality text entries for
modeling.
Unsupervised Clustering and Intent Discovery
To derive a data-driven taxonomy of patient intents without preconceived categories, we employed
an  unsupervised  strategy.  The  entire  analytical  workflow  is  depicted  in  Figure  2.  First,  we
transformed  all  texts  into  contextualized  embeddings  using  the  chinese-roberta-wwm-ext-large
model. The use of transformer-based embeddings like BERT as a foundation for clustering has been
successfully demonstrated in other healthcare text mining tasks, such as phenotyping from electronic
health  records[15].  The core of this  model  is  the multi-head self-attention mechanism. For each

attention h ead i
¿
¿ , the output is calculated as:
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head i=Attention （QW i
Q ， K W i

K ，V W i
V ）     (3)

The outputs of all heads are then concatenated and projected:
MultiHead (Q , K , V )=Concat (head1 , ..., headh)W

O     (4)
This model was pre-trained using the Whole Word Masking strategy, with the objective of predicting

the original vocabulary id of the masked word wm
¿
¿  based on its context:

LMLM=−∑
i∈M

logP (wi ∣w¿)     (5)

To mitigate  the "curse of  dimensionality"  and enhance clustering performance,  we projected the
high-dimensional  BERT  embeddings  into  a  lower-dimensional  space  using  Uniform  Manifold
Approximation and Projection (UMAP). UMAP has gained prominence for its ability to preserve
both local and global data structure, making it particularly effective for visualizing and clustering
high-dimensional  textual  data[16].  We  then  applied  the  K-Means  algorithm  to  the  reduced
embeddings. The optimal number of clusters (K=8) was determined by combining the elbow method
with  a  qualitative assessment  of  clinical  interpretability,  a  mixed-methods approach that  ensures
statistical patterns are grounded in clinical meaning[17]. A thorough manual review of the resultant
clusters allowed us to define eight distinct and meaningful patient intent categories.
Figure 2. Experimental Process

Manual Annotation and Supervised Model Fine-tuning
To  facilitate  supervised  learning,  a  random  sample  of  5,000  records  was  drawn  from  the
preprocessed corpus.  Three clinical  experts  independently annotated this  subset  according to  the
eight  intent  categories.  The  annotation  process  demonstrated  high  reliability,  achieving  a  Fleiss'
Kappa of 0.82.  The involvement of multiple clinical experts  for annotation is  considered a gold
standard in creating high-quality labeled datasets for medical AI, as it mitigates individual bias and
enhances the clinical validity of the categories[18].
This curated dataset was used to fine-tune the chinese-roberta-wwm-ext-large model. The fine-tuning
process and its underlying strategy are detailed in Figure 3. To better adapt the model to the medical
domain, we experimented with freezing different numbers of layers and ultimately chose to freeze
the  first  8  layers  during  fine-tuning.  This  strategy  of  progressive  layer  unfreezing  or  selective
freezing is a recognized technique for effective domain adaptation, preventing catastrophic forgetting
of general language patterns while specializing the model for the target domain[19]. The detailed
hyperparameters used for this process are listed in Table 2.
Model performance was evaluated on a held-out test set using standard metrics. The calculations for
Precision,  Recall,  F1-score,  and the Area Under the ROC Curve (AUC) adhere to the following
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formulas. The choice of a comprehensive set of metrics is advised for a nuanced evaluation of multi-
class clinical text classification models, as no single metric captures all aspects of performance[20].

Precision=
TP

TP+FP
    (6)

F 1=2 ⋅ Precision⋅Recall
Precision+Recall

    (7)

Recall=
TP

TP+FN
    (8)

AUC=∫
0

1

TPR (FPR)dFPR     (9)

Figure 3. BERT Model Training Strategy

Table 1.  Parameter Fine-tuning of BERT Model

Parameter Value Description

learning_rate 1e-5
Lower learning rate to adapt to large

model

per_device_train_batch_size 8 Smaller batch size to adapt to large model

per_device_eval_batch_size 8 Evaluation batch size

num_train_epochs 6
Number of training epochs (kept

unchanged)

weight_decay 0.01 Weight decay for regularization

save_strategy "epoch" Save model at the end of each epoch

metric_for_best_model 'f1_weighted' Metric used to select best model

fp16 True
Use mixed precision training to save

memory

warmup_ratio 0.1 Warmup ratio for learning rate scheduler

logging_steps 25 Logging frequency (every 25 steps)

gradient_accumulation_steps 2
Gradient accumulation steps to adapt to

small batch size

lr_scheduler_type "linear" Learning rate scheduler type

Results
Model Performance and Comparative Analysis
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Our investigation began with an unsupervised learning phase to explore the inherent structure of
patient requests without preconceived categories. We encoded the entire corpus of 16,457 patient
descriptions  using  the  pre-trained  chinese-roberta-wwm-ext-large  model.  The  high-dimensional
embeddings  were  then  processed  using  UMAP for  dimensionality  reduction,  followed  by  the
application of the K-Means clustering algorithm. The use of UMAP is particularly advantageous for
visualizing and clustering high-dimensional textual data, as it preserves both local and global data
structure more effectively than linear methods[21]. Figure 4 depicts the determination of the optimal
clustering configuration, which successfully identified eight coherent patient intent categories. The
visual  representation  of  these  clusters  in  Figure  5  demonstrates  clear  separation,  validating  the
distinctness  of  the  semantic  groups  derived  from  the  patient-generated  texts.  This  data-driven
approach to taxonomy discovery mitigates the researcher bias inherent in pre-defined categories and
has been successfully applied in other healthcare text mining contexts to uncover latent patterns[22].
Figure 4. Optimal Configuration Results

Figure 5. Unsupervised Learning Clustering Results
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To transition into a supervised learning framework for precise classification, a random sample of
5,000 records was meticulously annotated by a panel of three clinical experts, achieving an excellent
inter-rater agreement with a Fleiss' Kappa of 0.82. The involvement of multiple clinical experts is
critical for establishing a reliable ground truth in medical text annotation, as it mitigates individual
bias and ensures that the resulting labels reflect a clinical consensus, a practice strongly advocated in
clinical NLP research[18]. We employed a comprehensive set of metrics for evaluation—Precision,
Recall, F1-Score, and the Area Under the ROC Curve (AUC), as formally defined in Formulas 6-9.
The use of a multi-faceted evaluation strategy is essential in healthcare AI, particularly for multi-
class problems with potential class imbalance, as it provides a more holistic and realistic assessment
of model performance than any single metric alone[23].
A pivotal  finding  emerged  from our  benchmark  comparison.  As  detailed  in  Table  2,  traditional
machine learning models utilizing TF-IDF features, notably Support Vector Machines (SVM, F1-
score=0.6122), outperformed identical models using non-fine-tuned BERT embeddings. This result
underscores a critical nuance in medical text analysis: for a broad, category-level classification task
like  initial  intent  recognition,  explicit  keyword-level  signals  (e.g.,  "renew  prescription,"  "check
report") captured by TF-IDF can provide a strong and immediately effective discriminative baseline.
This  phenomenon,  where  simple  yet  robust  traditional  methods  remain  competitive  on  specific
clinical  NLP tasks,  is  consistent  with  findings  from  recent  comparative  studies[24].  The  true
potential  of  the  deep  learning  model  was  unlocked  through  domain-specific  fine-tuning.  By
strategically  freezing  the  first  8  layers  of  the  chinese-roberta-wwm-ext-large  model  (a  strategy
detailed  in  Figure  3 and parameterized  in  Table  1),  we effectively  adapted  it  to  the  specialized
lexicon  and  syntax  of  internet  hospital  consultations.  This  process  of  targeted  adaptation  is  a
recognized  and efficient  strategy  for  achieving  high  performance  in  data-sensitive  domains  like
healthcare, as it allows the model to learn domain-specific representations without overfitting to the
typically smaller supervised datasets[25].
Table 2.  The accuracy results of traditional models based on TF-IDF feature extraction.

Feature Type Model F1-score Recall Precision AUC

TF-IDF SVM 0.6122 0.6349 0.6121 0.8781

TF-IDF Logistic Reg. 0.6002 0.6391 0.6025 0.8877

TF-IDF Random Forest 0.5831 0.6210 0.6032 0.8436

BERT SVM 0.5774 0.5754 0.5843 0.8652

BERT Logistic Reg. 0.5923 0.5924 0.5970 0.8633

BERT Random Forest 0.5557 0.5977 0.5827 0.8180

The fine-tuned model achieved a weighted F1-score of 0.7030. Figure 6, the clustering accuracy bar
chart, illustrates the model's proficiency across different intent categories, showing particularly high
precision for high-frequency intents. The confusion matrix presented in Figure 7 offers a granular
view of  the  model's  error  profile.  For  instance,  it  reveals  occasional  misclassifications  between
"Online  Follow-up  for  Diagnosed  Conditions"  and  "Prescription  Renewal  for  Chronic/Other
Diseases"—a  clinically  understandable  overlap,  as  these  intents  are  often  intertwined  in  the
management  of  chronic  illnesses.  The  achieved  performance  demonstrates  the  effectiveness  of
adapting a large pre-trained language model to a specialized domain, a paradigm that has consistently
shown to  yield  significant  gains  over  generic  models  across  a  wide  array  of  text  classification
tasks[26]. Furthermore, the detailed error analysis afforded by the confusion matrix is a critical step
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in clinical AI model validation, as it moves beyond aggregate metrics to uncover specific, clinically
meaningful failure modes that must be understood and addressed before real-world deployment[27].
Figure 6. Clustering Accuracy Bar Chart

Figure 7. Confusion Matrix Heatmap

Distribution of Patient Intents and Cross-Departmental Analysis
Deploying the optimized model  on the full  dataset  (N=16,457) provided a  macroscopic view of
patient demand within the internet hospital ecosystem. The distribution of patient intents, cataloged
in  Table  3,  reveals  a  compelling  narrative.  The  two  most  predominant  needs  were  "Online
Interpretation of Existing Medical Reports" (25.5%, 4199/16457) and "Initial Consultation" (24.4%,
4019/16457).  This  finding  powerfully  underscores  a  core  utility  of  the  platform:  it  primarily
functions as an accessible and efficient channel for patients seeking to understand existing clinical

https://preprints.jmir.org/preprint/86216 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Xu et al

data  and  to  initiate  the  diagnostic  process  for  new  health  concerns.  This  pattern  aligns  with
established models of telehealth utilization, where efficiency gains in information access and initial
triage are among the most immediate and valued benefits for patients[28].
Table 3.  Model prediction result

Department Others
First

Consultati
on

Diagnos
ed

Disease
Revisit

Chronic/
Other

Prescriptio
n

Report
Interpretat

ion

Rehabilitat
ion

Guidance

Online
Test

Booki
ng

Famous
Doctor/
Offline

Appoint
ment

Total

Traditional
Chinese

Medicine
1 125 8 58 6 27 2 0 227

Ophthalmolo
gy and

Otorhinolary
ngology and
Stomatology

29 425 224 90 547 195 61 12 1583

Obstetrics/
Gynecology
& Pediatrics

33 1038 295 347 978 569 163 17 3440

Surgical 62 587 766 395 1148 363 239 42 3592
Non-surgical 70 1305 509 438 905 492 197 32 3948

Total 257 4019 1929 3307 4199 1803 850 93 16457
Our analysis further uncovered significant heterogeneity in how different clinical specialties engage
with  the  platform.  A  multivariate  Chi-square  test  confirmed  that  consultation  volumes  were
disproportionately distributed across departments (χ² = 27917.301, p < .01). More profoundly, a Chi-
square test of independence established a robust and statistically significant association between the
clinical department and the types of patient intents expressed (χ² = 8874.241, p < .01, df = 312). The
application  of  such  statistical  tests  is  fundamental  to  health  services  research  for  rigorously
quantifying variations and associations in patient care patterns[29]. The considerable magnitude of
this χ² value strongly suggests that this relationship is not coincidental but reflects deeply embedded,
systematic patterns in patient behavior and service utilization across medical specialties.
To decode these specific patterns, we conducted a standardized residual analysis, the results of which
are  visualized  in  the  heatmap in Figure 8.  This  analytical  technique allows us  to  move beyond
confirming  a  general  association  to  pinpointing  the  exact  department-intent  pairs  that  were
significantly over- or under-represented (|standardized residual| > 1.96). The use of residual analysis
to uncover the underlying structure in cross-tabulated data is a powerful and recommended method
in categorical data analysis for health research[30]. Guided by these data-driven insights from Figure
8, we synthesized four distinct operational models for internet hospital services:
Centralized Departments (e.g., Dentistry, Dermatology, Rehabilitation): These departments exhibited
strong associations with "Initial Consultation" and "Online Test Booking." Their operational model is
characterized by high immediacy and efficiency, often enabling a complete virtual care loop—from
initial  consultation  and  visual  diagnosis  to  e-prescription  and  medication  delivery—for  a  well-
defined set of conditions. The high suitability of such specialties for end-to-end telemedicine models
has been documented in prior research focusing on service integration and efficiency[31];
LLong-Term  Management  Departments  (e.g.,  Hematology,  Gastroenterology,  Breast  &  Thyroid
Surgery):  As anticipated,  these specialties were significantly linked to "Prescription Renewal for
Chronic/Other Diseases." This pattern highlights the internet hospital's pivotal  role in facilitating
continuous,  long-term  care  for  patients  with  stable  chronic  conditions.  This  finding  resonates
strongly with a large body of evidence demonstrating that telehealth interventions are particularly
effective for improving the continuity and convenience of chronic disease management[32];
Balanced Departments (e.g., Nephrology, Thoracic Surgery, ENT): These departments managed a
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diverse  portfolio  of  patient  intents,  including  "Report  Interpretation,"  "Online  Follow-up,"  and
"Initial  Consultation."  This  reflects  a  hybrid,  integrated  care  model  where  the  online  platform
effectively complements in-person services for complex conditions that require sustained monitoring
and patient education. The value of such blended care models, which leverage the strengths of both
digital and physical touchpoints, is increasingly recognized as a sustainable approach for managing a
wide range of conditions[33];
Low-Engagement  Departments  (e.g.,  Urology,  Neurosurgery,  Oncology):  These  high-acuity
specialties demonstrated relatively lower overall engagement on the platform, with their presence
primarily associated with "Report Interpretation" and "Remote Guidance for Disease Recovery." This
suggests a focused and highly valuable role for telemedicine in these fields: it serves as an auxiliary
tool for perioperative counseling and post-discharge symptom monitoring. This supportive, rather
than replacement,  role for telehealth in complex surgical and oncological care is consistent with
emerging best practices that aim to enhance patient support without attempting to virtualize core,
high-risk interventions[34].
Figure 8. Standardized Residual Between Different Departments and Patient Intents

Discussion
Finding the Most Suitable Model Is the Key to Analyzing These Texts.
This research developed a multi-label consultation intent recognition system using real-world data
from an internet  hospital  platform,  employing a  hybrid methodology of  "unsupervised  semantic
discovery → category system construction → manual annotation → model training/validation" to
enhance structured interpretation of patient inputs for treatment prediction and resource allocation.
Medical experts conducted annotations with cross-review mechanisms, significantly improving inter-
annotator agreement (IAA) and reducing bias, while unsupervised clustering of BERT embeddings
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validated annotation quality through distinct semantic clusters in t-SNE visualizations—particularly
effective  in  small-sample  categories  like  "chronic  disease  follow-up."  The  fine-tuned chinese-
RoBERTa-wwm-ext-large model  outperformed traditional  methods  in  accuracy and weighted F1-
score, especially for high-frequency intents, demonstrating robustness against ambiguous semantics
and imbalanced data. However, when applying machine learning for text classification, insufficient
sample size often serves as a primary constraint. For example, in this study, departments with lower
utilization rates may demonstrate reduced model accuracy and recall compared to those with higher
utilization. Nevertheless, BERT has established a leading position in small-sample machine learning
among  natural  language  processing  techniques,  exhibiting  superior  robustness  and  resistance  to
overfitting when handling limited data.  Particularly in specialized domains such as medicine,  by
leveraging pre-trained models with minimal fine-tuning and capitalizing on the inherent strengths of
the Transformer architecture, it can effectively extract distinctive features of specific categories. The
study  addresses  constraints  in  Chinese  medical  NLP—notably  annotation  costs  and  corpus
complexity—by  systematically  combining  supervised/unsupervised  methods,  validating  BERT's
efficacy per  prior  research[35],  and establishing  scalable  foundations  for  intelligent  consultation
systems in healthcare settings.
The Mechanisms and Implications of Demand Allocation in Internet Hospital Services
The 16,457 internet-hospital consultations in dataset reveals a robust efficiency-driven allocation of
demand that mirrors patterns observed in international telehealth literature:  high concentration in
chronic-care and maternal/child services, mid-level use in hybrid specialties, and relatively lower
direct-treatment demand in surgically intensive fields. 
Mechanistically, two interacting forces explain this pattern and carry operational implications. First,
task substitutability—routine, repeatable activities with low incremental diagnostic risk (prescription
renewals, test-interpretation, brief follow-ups) are highly amenable to remote management, a finding
consistent with systematic evidence that telemedicine delivers measurable value for chronic disease
continuity of care and reduces utilization burdens on in-person services[32,36]. Second, time-cost
sensitivity and life-stage priorities induce behavioral sorting: parents and chronic patients weight
travel  and waiting  costs  heavily  and thus  prefer  online channels  for  screening,  reassurance,  and
medication continuity, a dynamic also documented in studies of Chinese internet-hospital adoption
and  operational  models[37,38].  From  a  policy  and  platform  design  perspective,  this  implies
prioritizing digital capacity and algorithmic triage for departments with both high demand and high
online substitutability to maximize marginal returns; investing in hybrid workflows such as tele-
triage followed by fast  in-person slots for balanced specialties;  and treating low-engagement but
high-acuity departments as candidates for auxiliary tele-services—such as perioperative counselling
and  symptom  surveillance—rather  than  full  virtualization.  These  prescriptions  are  aligned  with
empirical findings that targeted telehealth deployment, rather than blanket expansion, yields better
access, safety, and cost-effectiveness[39]. 
Modular  Design  and  Implementation  Strategies  for  Optimizing  Online  Medical
Consultation Services
An effective  way  to  optimize  online  consultation  services  is  to  break  them  down  into  several
"functional modules"—such as triage/screening, structured medical history and imaging collection,
treatment  decision-making,  long-term  monitoring,  and  administrative  processes.  This  modular
analysis method can more clearly reveal the heterogeneity among different departments and provide
a clear basis for developing executable implementation strategies. In departments highly reliant on
imaging and visual judgment (such as dermatology, some oral and ENT specialties), telemedicine has
shown high consistency  with  offline  diagnosis  for  various  common diseases.  With  standardized
photography procedures  and asynchronous image reading standard  operating  procedures  (SOPs),
these departments can establish a safe and reliable triage-treatment pathway[40]. 
For  departments  requiring  long-term  management  (e.g.,  cardiology,  endocrinology,
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gastroenterology), key success factors could utilize bidirectional integration with Electronic Health
Record  (EHR)  systems,  automated  alert  mechanisms  based  on  laboratory  thresholds,  and  a
performance indicator system centered on continuous health outcomes (such as improvement in test
indicators  and  prescription  renewal  delay  rates).  The  remote  management  model  for  these
departments is  highly consistent  with the effectiveness  observed in  chronic disease management
research[41]. In perioperative and oncology scenarios, existing literature indicates that online follow-
ups can serve as an auxiliary risk management tool, reducing unnecessary face-to-face visits while
ensuring patient safety and without increasing readmission rates[32,42]. Therefore,  the design of
implementation  pathways  should  match  the  functional  modules:  imaging-related  modules  should
follow a progression from retrospective consistency validation to prospective piloting, and then to
routine  auditing;  chronic  disease  management  modules  need  to  establish  continuous  outcome
dashboards and threshold-triggered escalation rules; perioperative modules should set clear warning
criteria and open rapid offline referral channels. Accordingly, success evaluation should also adopt a
modular  approach:  imaging  modules  should  use  diagnostic  consistency  rate  as  the  core  metric,
chronic disease modules should focus on biomarker improvement and medication adherence, and
triage/screening modules should evaluate their effectiveness in avoiding unnecessary visits and the
timeliness of reaching final decisions. Internet hospital practices and related implementation studies
show that this function-centric, differentiated deployment strategy, compared to a "one-size-fits-all"
approach to telemedicine promotion, is more conducive to ensuring medical safety while achieving
sustainable expansion and operation of services[38,43]. 

Limitation and future research
This study has several limitations. First, the classification of patient conditions is limited to eight
broad categories, whereas real-world medical scenarios often involve more complex patient needs.
Future research could refine the current coarse-grained categories by introducing a more detailed
hierarchical  classification  based  on  disease  types  (e.g.,  common  diseases,  chronic  conditions,
complex disorders) or human physiological systems, thereby enabling more precise allocation of
medical  resources.  Second,  in  internet-based  hospital  consultation  platforms,  users  can  upload
images to assist in diagnosis, yet this study relies solely on textual information. Future work could
extend the model’s multimodal information fusion capability by integrating visual data from user-
uploaded images, supplementing textual semantics with visual cues to enhance both discriminative
power and generalization performance. Third, the current approach treats each medical description as
an independent instance, disregarding the temporal sequence of consultations from the same patient.
This  results  in  incomplete  utilization  of  available  data.  Subsequent  studies  could  incorporate
sequence modeling mechanisms to jointly model a user‘s historical consultation records as temporal
context, enabling a more comprehensive understanding of disease progression and dynamic changes
in user intent. Finally, future efforts should continue to strengthen the model’s interpretability and
robustness, improving its tolerance to noise such as non-standard expressions and spelling errors,
thereby ensuring stable and reliable performance in real-world clinical settings. 
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Internet-based medical consultation flowchart.
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Experimental process.
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BERT model training strategy.
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Optimal configuration results.
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Unsupervised learning clustering results.
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Model clustering accuracy bar chart.
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Confusion matrix heatmap.
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Standardized residual between different departments and patient Intents.
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