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Abstract. Amidst the overwhelming online medical service information, patients
without professional medical knowledge often struggle to identify suitable doc-
tors in online healthcare communities. The advent of online medical teams
(OMTs) as a new source of publicly available information, offers patients novel
avenues to understand the features of doctors. Therefore, in this study, we aim to
explore the effect of OMTs information on patients’ choices for doctor selection,
thereby better assisting patients in selecting a suitable doctor. We first integrate
the OMTs information with the online reviews, disease descriptions, and doctor
profiles to build the multi-source and multi-type medical data inputs. Based on
these inputs, we develop a hybrid deep learning framework to uncover the effects
of various factors on predicting patients’ choices for doctor selection. The results
indicate that OMTs information can significantly enhance the probability of pre-
dicting patients’ choices for doctor selection. Surprisingly, the effect of OMTs
information on patients’ preference features is greater than that of patients’ dis-
ease features in the process of doctor selection.

Keywords: Online Healthcare Community, Online Medical Team, Doctor Se-
lection, Deep Learning.

NOMENCLATURE
Parameters Descriptions

PDF Patients’ disease features

PPF Patients’ preference features

DDF Disease-type features a doctor specializes in

DPF Doctor attribute features related to PPF
EDDF Enhanced patients’ awareness of the target doctor’s DDF
EDPF Enhanced patients’ awareness of the target doctor’s DPF

1 Introduction

The swift advancement of information technology has led a significant number of pa-
tients to turn to online healthcare communities (OHCs) for health services [1]. How-
ever, the plethora of health service options can be overwhelming for patients lacking
professional medical knowledge to selecta suitable doctor [2]. To assist patients in
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efficiently selecting online doctors, current research mainly relies on publicly available
information on OHCs, such as online reviews and consultation records to enhance the
awareness of patients’ features[3]. These studies primarily investigates the effect of
publicly available information from two aspects: patients’ disease features (PDF) and
patients’ preference features (PPF) [4,5]. From the perspective of PDF, research has
utilized data from patients’ online disease descriptions and doctors’ consultation rec-
ords, suggesting that a higher degree of similarity between the PDF and the disease-
type features a doctor specializes in (DDF) increases the likelihood of the patient se-
lecting that doctor [6]. From the perspective of PPF, studies have leveraged patients’
online reviews and doctor attribute features (DPF) such as professional titles to assess
their effects on patients’ choices for doctor selection [7]. The majority of existing re-
search has focused on the effect of a single feature on doctor selection, however, pa-
tients often consider both PDF and PPF when seeking online health services.

In addition, the rapid expansion of OHCs has witnessed a transition in their service
paradigm from a simple one-to-one mode to a multi-to-one online medical teams
(OMTs) mode [8]. Doctors from diverse departments can form OMTs, surmounting
geographical constraints to engage in online medical collaborations[9,10]. Within these
OMTs, doctors can synthesize their collective experiences, foster enhanced communi-
cation, and deepen their understanding of patients’ conditions[11]. Given the signifi-
cant effectiveness of OMTs, existing research has carried out extensive research on
their performance, organizational structure [12,13]. However, they have predominantly
centered on the team as as a whole, with inefficient attention given to the effect of the
OMTs information on patients’ choices for individual doctors. The OMTs information
serves as an additional source of online publicly available information, providing pa-
tients with novel avenues to assess the competencies of individual doctors [14]. On one
hand, patients can gain insight into the professional ability of a target doctor by exam-
ining the disease issues addressed by the OMT that the doctor is in, thereby enhancing
their awareness of the DDF of the target doctor (EDDF). On the other hand, the repu-
tation and feedback of other team members can indirectly shape patients’ favorability
towards the target doctor, enhancing their awareness of the target doctor’s DPF (EDPF).

In response to the above discussion, this study aims to investigate the effect of OMTs
information on patients’ choices for doctor selection, focusing on addressing the fol-
lowing three research questions:

RQ1. Without considering the OMTs information, how do the PDF and PPF impact
patients’ choices for doctor selection?

RQ2. How does the supplementary OMTs information impact patients’ choices for
doctor selection?

RQ3. How do the EDDF and EDPF impact patients’ choices for doctor selection,
respectively ?

As shown in Fig.1, to address the aforementioned research questions, this study com-
piles multi-source and multi-type data from Haodf-China’s largest OHCs, including
patients’ online reviews, disease descriptions, doctor profiles, and OMTs information.
By constructing a hybrid deep learning framework, we investigate the effects of the
above factors on patients’ choices for doctors selection.
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Fig. 1. [llustration of the main process for the hybrid deep learning framework.

2 Methodology

2.1 Representation of Disease Features

This study constructs a BERT-TextCNN model (see Fig. 2) to analyze the PDF of pa-
tients. Firstly, this study uses the BERT model to learn patients’ disease descriptions
and represent them with a word embedding matrix (M,). Next, convolution operations
are performed on M,. Each convolution kernel & starts from position / and slides ac-

cording to its size s to extract text features f,k .
fl=o(WM,(:1+5s-1)+b,) (1)

Then, a maximum pooling operation is performed on f,k to extract the key feature

n-s+1

information: e, :max{ flk , fzk oo [ } , and the acquired information is fused

e, =[e.e,,....e, ]. Finally, a fully connected layer is constructed to analyze the PDF.
PDF=0(W,e, +b,) 2)

Where o uses the Softmax function to determine the probability of a patient belong-
ing to different diseases. Based on the predicted disease probabilities, a cross-entropy
loss function is used to optimize the model parameters.
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loss =" L, logPDF+(1-L,)log(l-PDF) (3)

pelP)

Where L, represents the true probability distribution. Since the text form of patients’
disease descriptions is quite similar to doctors’ consultation records, this study also
utilizes BERT-TextCNN model to analyze doctors’ consultation records to obtain the

disease-type features a doctor specializes in (DDF).
p
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Fig. 2. Process for PDF learning.

2.2 Representation of Preference Features

As shown in Fig.3, to analyze the patients’ preference features (PPF), this study em-
ploys semantic analysis methods to mine and analyze patients’ online reviews on
OHC:s. This study first preprocesses the online reviews by removing punctuation and
irrelevant information. Following this, the Jieba segmentation tool is applied to perform
word segmentation on the text and to discard irrelevant stop words. Subsequently, the
Term Frequency-Inverse Document Frequency (TF-IDF) [15] technique is employed
to evaluate the significance of each word. The resulting #f-idf score is calculated as the
product of TF and IDF.

) 4

i —idf = xlog( -

J n

Based on the #f-idf values, this study selects high-frequency keywords to learn the
PPF.
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In this study, the keywords extracted are clustered based on their semantic similarity
to establish evaluation criteria[ 16]. The similarity between any two keywords is repre-
sented as S, and the predefined similarity threshold is denoted as S. If S;=>S, the two
keywords are considered to have high similarity and can be categorized under the same
evaluation criterion. The doctors’ attribute features (DPF) aligned with patient prefer-
ences are subsequently derived from the doctors’ profile information, in accordance
with the established preference criteria.

tf-idf reflects the importance of each keyword, while the accumulation of #f-idf values
of keywords contained within each criterion in patient reviews reflects the degree of
patient preference for that evaluation criterion. Let ¢/~idf,; denote the cumulative #f~idf
value of the p-th patient review under the i-th evaluation criterion; then, the preference
degree of p-th patient for the i-th criterion can be expressed as:

_ lf_idfpi
YOSy,

i=1

)

2.3  Representation of Enhanced Doctor Feature Through OMTSs Information

The process of learning enhanced feature representations for individual doctors within
OMTs is illustrated in Fig. 4. The input to the Variational Graph Auto-Encoder (VGAE)
[17] consists of two parts: the network structure and the node feature vector matrix. The
network structure represents the collaborative relationships among doctors, while the
node features are represented by DDF and DPF (X=[DDF, DPF]). The VGAE employs
a graph neural network as the encoder to learn the corresponding latent variables Z.
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Fig. 4. Process for EDDF and EDPF learning.
q(Z|X,A) =11, q(z, | X, A), with ¢(Z, | X,A) = N(z, | 4, diag(a})) (6)

Where the model assumes the latent variable Z follows a standard Gaussian distri-
bution, with ¢ and o representing the mean and standard deviation, respectively. The u
and o are learned through two layers of Graph Convolutional Network-GCN(X, A).
#=GCN, (X, A)and logo =GCN, (X, A) . The GCN(X,A) is defined as

GCN(X,A) = AReLU (AXW, )W, (7

Based on the obtained x and o, the latent variable z can be represented, and the graph
structure can further be reconstructed through the decoder.

z=u+e0o,6e N, 1) ®)
PAIZ) =TI T, p(4;|2,z2,), with p(4;=1]z,z,)=0(zz)) ©)

The loss function for the entire model can be defined as:

loss =E ;x +)[log p(A[Z)—-KL[g(Z I X,A) || p(Z)] (10)

Where KL[q(+)]|| p(s)] denotes the Kullback-Leibler divergence between distribu-

tions p(+) and q(-). Based on the aforementioned model, this study selects the optimized
latent variable Z to represent the enhanced features of doctors within the team.

3 Experiments

3.1 Dataset

We use the online consultation records in the endocrinology department in Haodaifu
platform as an example to implement our experiments. The platform will recommend
the top 100 relevant doctors to patients. However, because the platform only provides
patients’ online reviews and consultation information from the past 90 days, we can
only obtain valid information for 66 doctors. Additionally, based on the doctors’ team
affiliations, we acquired information on 32 doctors not listed in the platform’s recom-
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mendation, totaling 98 valid doctors. From the information of these 98 doctors, we ob-

tained online reviews and consultation records from 2021 patients in the past 90 days.
Finally, we select 70% of the data as training set and use 30% of the data as test set.

3.2 Data Preprocessing

Table 1. Vector representations of some keywords

words 1 2 51 52 99 100
hyperthyroidism -0.437 0.591 = -0.106 -0.265 - 0.325 0.122
diabetes -0.156 ~ 0.500 - 0.006 -0.060 - 0.132 0.556
pregnancy -0.984 1321 - 0.290 -0.521 - 0227  -0.104
obesity -0.316 0339 - 0.069 -0.076 - 0.016  -0.062
adrenal -0.326 0357 - 0.214 0.033 = 0.045 -0.053

Table 2. Eight major diseases in the endocrinology department.

No. Diseases Descriptions

F1 thyroid diseases hyperthyroidism, hypothyroidism, thyroiditis

F2 diabetes type 1I diabetes, type 11 diabetes, gestational diabetes
F3 obesity obesity, fat

F4 pituitary diseases pituitary microadenoma, high pituitary prolactin
F5 hematological diseases hyperlipidemia, hyperkalemia, hyperphosphatemia
F6 adrenal diseases suprarenoma, low norepinephrine

F7 bone diseases osteoporosis, low bone density

F8 reproductive menoxenia, polycystic ovarian syndrome

Preprocessing of PDF and DDF. First, we apply a 100-dimensional vector to rep-
resent the relevant keyword embeddings learned by the BERT model to encode the
critical information from patients’ disease descriptions and doctors’ consultation rec-
ords. Table 1 lists the vector representations of some common words. Based on the
learned word embeddings, we utilize TextCNN to characterize PDF of patients and
DDF of doctors. The diseases encountered during endocrinology are systematically
classified into eight primary categories (refer to Table 2). Drawing from these disease
representations, the PDF of patients is delineated in Table 3. Specifically, P1 and P2
exhibit a higher risk of thyroid diseases, P3 is at a higher risk of hematological diseases.
Similarly, representations of DDF for doctors can be obtained.

Table 3. Representations of PDF for patients.

Patients F1 F2 F3 F4 F5 Fé6 F7 F8

P1 0.9910  0.0002 0.0004 0.0008 0.0016 0.0022 0.0010 0.0028
P2 0.9575 0.0156 0.0006 0.0009 0.0136 0.0087 0.0001 0.0030
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P3 0.0378  0.1501  0.0254  0.0231  0.6189  0.0833  0.0388  0.0226
P4 0.1146  0.1127  0.5256 0.0591 0.0671  0.0430 0.0283  0.0496
P5 0.0163  0.8818 0.0068 0.0043 0.0737 0.0088 0.0057 0.0026

Preprocessing of PPF and DPF . Patients’ online reviews are divided into a series
of keywords, then, the TF-IDF technology is applied to analyze the importance of each
keyword. Next, these keywords are clustered based on similarity to form evaluation
criteria. We set S as 0.3, the similarity between “professional” and “experienced” is
0.67 which is higher than § (see Fig.5). Thus, these two words can be clustered into the
same evaluation criteria. Based on the similarity, these keywords can be categorized
into four main criteria: Leechcraft, Attitude, Online communication skill, and Recovery
(see Table 4). Then, as shown in Table 5, we can see the following insights into patient
preferences: P1 assigns the greatest importance to the doctors’ online communication
skill. In contrast, P2 and P4 prioritize the doctors’ service attitude more significantly.

1.00

Appnb

fpun

[euoissojoad  paduartadxa

0.05

professional  experienced timely quickly

Fig. 5. Similarity between each keyword.

Table 4. Illustrations of evaluation criteria.

Criteria High-frequency words
Leechcraft professional, skillful, trustworthy, exquisite, experienced
Attitude amiable, kindhearted, car.eful, patient, responsible, serious, ear-
nest, amiableness, perfunctory
Online communica-  meticulous, detailed, timely, clear, quickly, unambiguous, perspic-
tion skill uous
Recovery reduce, recovery, cure, eliminate

Table 5. Patients’ preferences on the evaluation criteria.

Patients Leechcraft Recovery Attitude Online communication skill
P1 0.139 0.136 0.291 0.434
P2 0.195 0.192 0.409 0.204
P3 0.665 0.164 0.00 0.171
P4 0.241 0.000 0.505 0.254

P5 0.162 0.160 0.340 0.338
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In terms of leechcraft, doctor’s professional title can be used as a proxy for indicating
the doctor’s professional competence. The professional titles include physician, attend-
ing physician, associate chief physician, and chief physician, with corresponding scores
of 0, 0.33, 0.67, and 1. For evaluation criteria of recovery and attitude, we utilizes the
curative effectiveness and attitude from the doctor’s homepage information, with val-
ues scaled between 0 and 1. In terms of online communication skill, we chose the av-
erage response time as the score. The average response time includes: slow, slightly
slow, normal, fast, and very fast, with standardized scores of 0, 0.25, 0.5, 0.75, and 1.
Utilizing these scoring guidelines, we derive the scores of each doctor Table 6.

Table 6. Doctors’ scores on the evaluation criteria.

Doctors Leechcraft Recovery Attitude Online communication skill
D1 0.67 0.99 1 1
D2 0.67 1 1 0.75
D3 1 1 0.99 1
D4 1 0.96 0.98 0.5
D5 0.33 1 1 1

Preprocessing of EDDF and EDPF. Based on the information about the OMTs, we
construct a collaboration relationship network among the 98 doctors. Additionally, we
combine the data of DDF and DPF to create an initial representation of the doctor fea-
tures for team feature learning. Leveraging the relationships within the OMTs and the
initial features of doctors, we employed the Variational Graph Auto-Encoder (VGAE)
method to learn patients’ cognition regarding the doctor features (EDDF and EDPF).
The initial features and enhanced features of doctors are shown in Table 7.

Table 7. Initial features and enhanced features of doctors.

Features ID DDF(10”-2)/ EDDF(10"-3) DPF(107-2)/ EDPF(10"-3)
3 71.42 8.54 0.83 1.00 8.73 5.95 0.81 271 0.67 0.99 1 1
Initial 5 66.88 12.41 1.23 1.31 8.84 5.84 0.88 2.60 1 0.96 0.93 1
8 99.06 0.06 0.04 0.09 0.22 0.20 0.09 0.25 1 0.98 0.98 0.75
3 9.88 3.22 -7.96 -5.26 2.55 0.35 -8.21 -5.37 1.81 2.50 229 2.67
Learned 5 9.75 0.32 -5.22 -5.32 0.92 0.79 -9.06 -3.83 1.47 0.21 2.67 1.95
8 19.24 -9.68 -8.30 -2.88 -0.61 -8.78 -3.58 2.09 -0.71 1.79 =227 -2.30

3.3 Results

Metrics. We evaluate the performance of the model using three metrics: HR@K,
NDCG@K, and MRR [2]. The definitions of these three metrics are as follows:

Hit, @K
HR@K:ZpeT (11)

where P represents all patients in the test dataset; Hiz,@K indicates whether the doc-
tors consulted by patient P appear in the top-K predicted doctor list.
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NDCG, @K
NDCG@KzT (12)

DCG @K
NDCG, @K =———2—— (13)

r IDCG, @K

CG K 2rel _l

D K= 14
@ Z“10g2(z+1) (14)

Where rel;e {0,1} denotes whether the doctor at the i-th position in the prediction
list is the one actually chosen by the patient. DCG,@K represents the discounted cu-
mulative gain of all predicted doctors in the list, while IDCG,@XK denotes the maximum
possible value of DCG,@K among all candidates.

1

= 1
MRR = |P|Z”€P rank, (15)

where rank, indicates the position of the doctor actually chosen by the patient.
Results analysis and comparison. To solve the problems raised in Section 1, we
established six experiments (See Table 8) to analyze the effects of different features.

Table 8. Results of the six experiments.

Models M1 M2 M3 M4 M5 M6
PDF A A A A A
PPF A A A A A
Fea- DDF A A A A A
tures DPF A A A A A
EDDF A A
EPDF A A
HR@5 0.2526 0.2420 0.3287 0.4079 0.3295 0.3866

HR@10 0.4637 0.4602 0.6194 0.6259 0.6198 0.6244
NDGC@5 0.1244 0.1273 0.1729 0.2843 0.2036 0.2257
NDGC@10 0.2284 0.2073 0.2421 0.3850 0.2951 0.3403

MRR 0.1693 0.1443 0.1945 0.2928 0.2017 0.2267

Re-
sults

Answer to RQ1: Experiments M1 and M2 explore patients’ choices for doctor se-
lection from the perspective of disease and preference, respectively. As shown in Table
8, when considering only disease features (PDF and DDF), the values for HR@S5,
HR@10, NDCG@10, and MRR are all higher than those that only consider preference
features (PPF and DPF). The NDCG@5 value for M1 is slightly lower than that for
M2. Overall, without considering the effect of OMTs information on patient decision-
making, the effect of disease features on patients’ choices for doctor selection is greater
than that of preference features.
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Answer to RQ2: In Experiment M4, we expanded upon the parameters of Experi-
ment M3 by adding supplementary information (EDDF and EDPF) on OMTs. A com-
parison between M4 and M3 shows that M4 significantly outperforms M3 in the
HR@K, NDCG@K, and MRR metrics. Specifically, M4 exhibits a 7.92% increase in
HR@S5, an 11.14% increase in NDCG@?5, and a 9.83% increase in MRR compared to
M3. The information for EDDF and EDPF is learned from publicly available infor-
mation on OMTs. This indicates that publicly available information on OMTs can en-
hance patients’ understanding of doctor features. By incorporating these supplementary
data, the success rate in predicting patients’ choices for doctor selection has been effec-
tively increased.

Answer to RQ3: To further explore the impact of OMTs information, this study
conducts separate analyses to uncover the effects of EDDF and EDPF on patients’
choices for doctor selection. As shown in Table 8, Experiment M5 demonstrates that
after incorporating additional EDDF information, the model shows improvements in
HR@K, NDCG@K, and MRR when compared to M3. Similarly, Experiment M6 also
shows higher values in HR@K, NDCG@K, and MRR compared to M3 after adding
the EDPF information. This indicates that, regardless of whether it is from the perspec-
tive of patients’ disease features or their preference features, publicly available infor-
mation on OMTs enhances patients’ understanding of doctor features, thereby improv-
ing the accuracy of predicting patients’ choices for doctor selection.

47.61%

[ IMs
V) me

17.61%

u t
NGDC@s MRR

Fig. 6. Comparison among M3, M5, and M6.

As illustrated in Fig. 6, using M3 as a baseline, M5 shows improvements of 0.24%,
20.08%, and 15.59% in HR@5, NDCG@5, and MRR, respectively, while M6 demon-
strates increases of 17.61%, 47.61%, and 29.91% in the same metrics. The superior
predictive performance of Experiment M6 over M5 indicates that EDPF exerts a more
substantial effect on patients’ choices for doctor selection than EDDF. This experi-
mental result contradicts the finding in RQ1, where PDF is found to have a greater
impact on patients’ choices for doctor selection than PPF. The underlying reason for
this phenomenon may be that patients initially focus more on selecting doctors who
align with their disease features. But once they become informed about doctors’ spe-
cialties, they place greater emphasis on whether the doctors’ various attributes align
with their personal preferences. In other words, with existing information such as PDF,
PPF, PPF, and DPF, the additional information on OMTs better caters to patients’ di-
verse demand for doctor attributes.
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4 Dicsussions and Implications

4.1 Robustness check

To ascertain the robustness of our findings, this study removed data for one of the eight
diseases in the dataset and re-conducted the experiments. As demonstrated in Table 9,
the experimental results observed after the partial removal of disease data are largely
consistent with those obtained in Section 3.2. Notably, the effect of PDF on patients’
choices for doctor selection remained more significant than that of PPF, irrespective of
the OMTs information. Similarly, incorporating OMTs information significantly en-
hanced the accuracy of predicting the probabilities of patients’ choices for doctor se-
lection, with the effect of EDDF being more pronounced than that of EDPF.

Table 9. Results of the robustness check.

Metrics M1 M2 M3 M4 M5 M6
HR@5 0.2445  0.2328  0.2956  0.3832  0.3029  0.3723
HR@10 0.5912  0.5622  0.6241 0.6715  0.6241 0.6277
NDGC@5 0.1451 0.1360  0.1588  0.1837  0.1663  0.1799
NDGC@10 0.1509  0.1499  0.1522  0.1872  0.1633  0.1718
MRR 02242  0.2163  0.2467  0.2788  0.2573  0.2605

4.2  Comparision to Traditional Methods

In predicting the probability of patients’ choices for doctor selection, many traditional
methods primarily analyze the similarity of features between doctors and patients. This
study, however, integrates multi-source information such as PDF, PPF, DDF, DPF,
EDDF, and EDPF to construct a deep learning model for predicting the probability of
patients’ choices for doctor selection. To validate the effectiveness of the method, a
comparison is made between this method and traditional methods. We compare our
method with concept-based auto-assignment (CBAA) method [6], content-based (CB)
method [18], graph computing and LDA topic model (GC-LDA) [19].

OMT

50% - 48.8%

40% 382%  38.5%

20%

0%

T T T
HR@5 NDGC@s5 MRR

Fig. 7. Comparison with OMT and the other three methods.
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Fig. 7 presents a comparison of results between the method described in this paper
(OMT), and the aforementioned three methods. Among these, the CBAA and CB meth-
ods yield relatively lower values for HR@5, NGDC@S5, and MRR metrics. The GC-
LDA method performs slightly better than both CBAA and CB in these three metrics.
In contrast, the OMT method significantly outperforms the traditional methods in all
three metrics, with an average improvement of 16.4%, 9.5%, and 8.2% in HR@S5,
NGDC@S5, and MRR. From these results, it can be concluded that the deep learning-
based approach, which integrates additional OMTs information effectively enhances
the prediction of the probability of patients’ choices for doctor selection.

4.3 Implications

The findings of this study have guiding implications for the operation and management
of actual online health platforms. Firstly, based on the conclusions of RQ1, it is neces-
sary for doctors to enhance their professional capabilities and clearly demonstrate their
areas of expertise in consultation records, allowing patients to understand the types of
diseases they specialize in and their treatment capabilities. After meeting the aforemen-
tioned conditions, according to the conclusions of RQ2 and RQ3, doctors should also
pay attention to meeting patients’ preference features and strengthening their reputation
and credibility. Furthermore, under permissible conditions, they should enhance team
cooperation with other doctors to enhance patient cognition and understanding of them.
Secondly, for online health platforms, in order to assist patients in selecting online doc-
tors, it is essential to consider both patients’ disease features and preference features
while also incorporating OMTs information.

5 Conclusion

In this study, we develop a hybrid deep learning framework to uncover the effects of
OMTs information on patients’ choices for doctor selection. The results shows OMTs
information is benefical for enhancing the prediction of patients’ choices for doctor
selection. Specially, we also find the effect of OMTs information on patients’ prefer-
ence features is greater than that of patients’ disease features in doctor selection. The
features of OMTs are varied. The diversity of OMTs (e.g., gender, professional titles)
and organizational patterns (e.g., led by experts, led by general doctors) also have an
impact on patient selection of doctors. In future work, we plan to interagetd these
OMTs’ features to investigate their effects on patients’ choices for doctor selection.
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