This article was downloaded by: [216.73.217.72] On: 04 June 2026, At: 13:29
Publisher: Institute for Operations Research and the Management Sciences (INFORMS)
INFORMS is located in Maryland, USA

Information Systems Research

Publication details, including instructions for authors and subscription information:
http://pubsonline.informs.org

How Physician Reviews Affect Online Consultation
Demand: An Innovative Small Language Model with
Fine-Tuning

Bin Zhang, Haijing Hao, Yongcheng Zhan, Jiang Wu

To cite this article:
Bin Zhang, Haijing Hao, Yongcheng Zhan, Jiang Wu (2026) How Physician Reviews Affect Online Consultation
Demand: An Innovative Small Language Model with Fine-Tuning. Information Systems Research

Published online in Articles in Advance 08 May 2026
. https://doi.org/10.1287/isre.2024.1183

This work is licensed under a Creative Commons Attribution 4.0 International License. You are free to copy,
distribute, transmit and adapt this work, but you must attribute this work as “Information Systems Research.
Copyright © 2026 The Author(s). https://doi.org/10.1287/isre.2024.1183, used under a Creative Commons
Attribution License: https://creativecommons.org/licenses/by/4.0/.”

Copyright © 2026 The Author(s)

Please scroll down for article—it is on subsequent pages

informs.

With 12,500 members from nearly 90 countries, INFORMS is the largest international association of operations
research (O.R.) and analytics professionals and students. INFORMS provides unique networking and learning
opportunities for individual professionals, and organizations of all types and sizes, to better understand and use
O.R. and analytics tools and methods to transform strategic visions and achieve better outcomes.

For more information on INFORMS, its publications, membership, or meetings visit http://www.informs.org



http://pubsonline.informs.org
https://doi.org/10.1287/isre.2024.1183
https://doi.org/10.1287/isre.2024.1183
https://creativecommons.org/licenses/by/4.0/
http://www.informs.org

Downloaded from informs.org by [216.73.217.72] on 04 June 2026, at 13:29 . For personal use only, all rights reserved.

https://pubsonline.informs.org/journal/isre

INFORMATION SYSTEMS RESEARCH

Articles in Advance, pp. 1-17
ISSN 1047-7047 (print), ISSN 1526-5536 (online)

How Physician Reviews Affect Online Consultation Demand:
An Innovative Small Language Model with Fine-Tuning

Bin Zhang,®* Haijing Hao,” Yongcheng Zhan,® Jiang Wu¢®*

3Department of Information and Operations Management, Texas A&M University, College Station, Texas 77843; ® Computer Information
Systems Department, Bentley University, Waltham, Massachusetts 02452; © Orfalea College of Business, California Polytechnic State
University, San Luis Obispo, California 93407; 9School of Information Management, Wuhan University, Wuhan, Hubei 430072, China

*Corresponding authors

Contact: bzhang@mays.tamu.edu, () https: // orcid.org/0000-0003-0675-2222 (BZ); hhao@bentley.edu,
(® https:// orcid.org/0000-0003-3071-2538 (HH); yozhan@calpoly.edu, (® https: // orcid.org/0000-0002-5029-0961 (YZ);
jlangw@whu.edu.cn, (® https:// orcid.org/0000-0002-3342-9757 (JW)

Received: May 17, 2024

Revised: January 9, 2025; November 1, 2025
Accepted: March 26, 2026

Published Online in Articles in Advance:
May 8, 2026

https://doi.org/10.1287/isre.2024.1183

Copyright: © 2026 The Author(s)

Abstract. Large language models (LLMs) are advancing rapidly but remain expensive to
train and deploy, especially in specialized domains such as healthcare. To improve efficiency
and reduce costs, we develop a small language model (SLM) that can be fine-tuned for effec-
tive sentiment analysis in this context. Our SLM operationalizes a quality evaluation frame-
work for healthcare service to extract providers’ service quality scores from online physician
reviews, and then we estimate the relationship between the quality scores and the online con-
sultation demand. Using a panel data set from one of China’s largest online physician review
and consultation platforms, we show that higher service-quality scores are associated with
greater consultation demand. Our research contributes in three ways. Methodologically, we
develop an SLM (Doc-BERT) tailored to the healthcare context and demonstrate that a task-
aligned, domain-tuned SLM can outperform a wide range of existing NLP approaches,
including recent general LLMs, for multidimensional sentiment analysis of physician
reviews. Theoretically, we adapt and refine a healthcare service quality assessment frame-
work at provider level that has been widely used in healthcare practice but rarely applied in
information systems research. Empirically, we identify specific dimensions of service quality
that most strongly predict online consultation demand, offering actionable guidance for
healthcare professionals and administrators seeking to optimize services and increase uptake.
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1. Introduction

strengths of Doc2Vec and bidirectional encoder repre-
sentations from transformers (BERT) to examine how

Large language models (LLMs) have been advancing
rapidly since the introduction of the transformer archi-
tecture (Vaswani et al. 2017); however, they remain
costly to train and deploy because they contain billions
to trillions of parameters as general-purpose sequence
models (Cottier et al. 2024). To address this challenge,
we develop a small language model (SLM) with a
fine-tuning feature that is customized for healthcare
applications, demonstrating the SLM’s cost and time
efficiency when applied to a specific task within a
defined domain. We design our SLM by combining the

online reviews reflect physicians’ service quality, and
how this, in turn, influences the demand for online con-
sultations. The algorithm is designed to extract service
quality scores from online physician reviews using a
health service quality framework established by health
authorities to evaluate healthcare provider performance
(AHRQ 2019), which avoids random text mining based
on probabilistic methods without a theory supporting
guideline as previous studies have done (Wan et al.
2021, Xu et al. 2021). We then analyze how these quality
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scores affect patients’ decisions to make appointments
for online consultation.

We choose online consultation as our study instance
because it is in one of the highest demands among all
healthcare services. Online consultation allows physi-
cians to deliver healthcare service through electronic
channels (Dorsey and Topol 2016). This service has
experienced an astonishing 154% surge in April 2020
compared with previous year (Koonin et al. 2020). The
global telehealth market is projected to experience
substantial growth, with a compound annual growth
rate of 15.8% (Grand View Research 2024).

However, patients often face information asymme-
try, making it challenging to assess the quality of a
physician’s service when deciding for online consulta-
tion. Online physician reviews have gained promi-
nence for patients to share their personal experiences
since the advent of Web 2.0, which can reduce the
information asymmetry, and have been prevalent in
many countries (Gao et al. 2012, Emmert and Meier
2013, Hao 2015). With the rapid advancements in natu-
ral language processing (NLP) technology, researchers
have begun to utilize physician reviews to gain rich
and previously inaccessible insights into patient experi-
ences (Hao et al. 2017) and to examine how patients
perceive healthcare service quality based on online rat-
ings (Jiang et al. 2024). Research has found that physi-
cian reviews can effectively assess a physician’s service
quality (Gao et al. 2015), can impact patients’ choices of
primary care providers (Yaraghi et al. 2018) and can
influence offline consultation demand (Xu et al. 2021) or
online consultation demand (Wan et al. 2021). How-
ever, existing research lacks a systematic approach
to utilize the latest NLP technology within theory-
supported healthcare service quality evaluation frame-
works to extract meaningful healthcare service quality
assessments from online reviews and examine the ser-
vice quality’s impact on online consultations. First,
prior studies rely on aspect-based sentiment analysis
(ABSA) methods that mine service reviews without
applying a theoretical or clinically grounded frame-
work (Wan et al. 2021, Xu et al. 2021). As a result, they
fail to capture the clinically validated dimensions
of healthcare quality that regulatory authorities and
medical professionals consider essential for healthcare
effectiveness. Second, prior studies” sentiment analy-
sis has not leveraged the latest NLP technologies tai-
lored specifically for healthcare contexts (Wan et al.
2021, Xu et al. 2021). To overcome these challenges,
we adopt the widely used health service evaluation
framework developed by healthcare authorities as our
health quality score mining guideline and develop
an innovative SLM that can be fine-tuned with the
customized healthcare service quality framework to
analyze physician reviews for quality purpose more
effectively.

Our study makes several contributions. Methodo-
logically, we develop an SLM (Doc-BERT) tailored to
the healthcare context and demonstrate that a task-
aligned, domain-tuned SLM can outperform a wide
range of existing NLP approaches, including recent
general LLMs, for multidimensional sentiment analy-
sis of physician reviews. This performance advantage
reflects that SLM has the advantage of full domain
adaptation and computational cost compared with
LLMs in this context. Theoretically, we adopt and
refine a quality evaluation framework for healthcare
service at the provider level, ensuring that our SLM
purposefully analyzes online reviews with a focus on
providers” service quality rather than random text
mining. To the best of our knowledge, the present
study is among the first in the information systems
field to employ this framework. Empirically, our find-
ings demonstrate that physician reviews have a signif-
icant impact on the demand for online consultation,
which offers practical implications for online health-
care providers and healthcare organizations seeking
to enhance service quality and, consequently, increase
online consultation demand.

2. Literature Review

2.1. Online Consultations and Physician Reviews
The onset of the COVID-19 pandemic has intensified
discussions on telehealth or online consultation (Michel
et al. 2023, Pan et al. 2023). Fan et al. (2023) suggested
that factors like online reviews and physician rank pos-
itively impacted patient demand for these services.
However, Saifee et al. (2020) found that there was no
clear relationship between physician reviews and the
readmission rate or emergency room visits, the com-
mon clinical quality measures of physician healthcare
service. Online physician review platforms offer unpar-
alleled convenience for patients in providing feedback
of their experience because the forums are accessible to
anyone with Internet access. Online consultations are
especially beneficial for patients who are geographi-
cally distant and lack local healthcare resources, mak-
ing such services their primary source of care. The
online reviews also allow prospective patients to bene-
fit from the experiences of previous patients, an oppor-
tunity not available with traditional patient surveys
administrated by healthcare organizations internally
(Schlesinger et al. 2015, Lee 2017). Consequently, pro-
spective patients can make more informed decisions
about which physicians to see based on these public
reviews. Research has found that both the quality and
quantity of online physician reviews impact patients’
perceptions of physicians (Grabner-Krauter and Wai-
guny 2015). Existing literature has begun to explore
the impact of physician reviews on patient choice of
healthcare providers (Vennik et al. 2014). However,
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prior research has predominantly utilized basic techni-
ques, such as naive Bayes, support vector machine, and
latent Dirichlet allocation (LDA) to mine the content of
textual online reviews using probabilistic methods,
or aspect-based sentiment analysis, without a specific
framework for healthcare service quality (Hao et al.
2017, Wan et al. 2021, Xu et al. 2021).

It has been widely accepted that healthcare services
should be patient centered, with patient satisfaction
being at the core (Epstein and Street 2011, NEJM Cata-
lyst 2017), and patients evaluated providers’ perfor-
mance based on technical and interpersonal qualities
(Fung et al. 2005). Traditionally, the evaluation of a
physician’s interpersonal skills relied on paper-based
patient surveys administered by hospitals (Carr-Hill
1992, Grendahl et al. 2013, Al-Abri and Al-Balushi
2014). However, research acknowledged the inherent
limitations of paper-based surveys, including small
sample sizes and low response rates, which can under-
mine the statistical validity of the surveys (Scaletta
2015). There are needs to explore alternative methods,
such as online reviews, to evaluate the health service
quality (Evans et al. 2020). Siegrist (2013) also has
highlighted the value of analyzing textual comments
in patient surveys, as this can uncover meaningful
information.

2.2. NLP for Multidimensional Healthcare
Sentiment Analysis
Using NLP to perform sentiment analysis can play a
crucial role to determine the emotional tone or senti-
ment behind a paragraph of text (Liu 2022). This task
is particularly useful for analyzing large volumes of
online reviews or social media content, providing
underlying information from public opinions or cus-
tomer satisfaction (Pang and Lee 2008, Ko et al. 2019).
Evaluating patient opinions within a healthcare ser-
vice evaluation framework requires meticulous analy-
sis because sentiment can vary significantly across
different aspects of service quality (Singh et al. 2020).
To address these challenges, researchers have devel-
oped various language modeling techniques (Mikolov
et al. 2013). Among these, BERT, as a SLM with
approximately 110 million parameters, compared with
LLMs with 175 billion parameters in GPT-3, excels at
capturing complex language structures, enabling accu-
rate, and multidimensional sentiment analysis across
large data sets (Devlin et al. 2019). BERT is particularly
effective in specialized domains, for example, health-
care, where task-specific smaller models can outper-
form LLM because of their adaptability and cost
efficiency (Lepagnol et al. 2024). The versatility of
BERT-based models for fine-grained text analytics has
also been demonstrated in the information systems lit-
erature, including applications such as personality
trait prediction from user-generated text (Yang et al.

2023), as well as to derive strategic insights from con-
versation data for managerial decision support (Chen
et al. 2024). Meanwhile, advances in deep learning,
particularly LLMs like GPT (OpenAl 2023), Gemini
(Google 2024), Llama (Touvron et al. 2023), and Claude
(Anthropic 2023), offer broad applications, although
their extensive parameters, for example, 175 billion
parameters in GPT-3, require significant computa-
tional resources, making them better suited for
industrial-scale tasks. Thus, the present study aims to
develop a research-appropriate SLM to extract senti-
ment scores from physician reviews.

Although these advancements in NLP have enabled
sophisticated sentiment analysis across various domains,
healthcare presents unique challenges that general-
purpose ABSA methods cannot adequately address.
Unlike traditional product or service reviews that focus
on general aspect such as “product quality” or “shipping
speed,” healthcare reviews require extraction of senti-
ment across dimensions that are specifically validated by
healthcare regulatory agencies such as AHRQ.

3. Model and Hypotheses Development
3.1. Healthcare Provider’s Service Quality
Evaluation Framework
The Agency for Healthcare Research and Quality
(AHRQ) is an independent agency within the U.S.
Department of Health and Human Services tasked with
producing evidence that can make healthcare safer,
higher quality, more accessible, equitable, and affordable
(AHRQ 2024). AHRQ developed a healthcare quality
evaluation framework, STEEEP, which has been utilized
by various healthcare systems (Ballard 2014, Thomas
Craig et al. 2020, Tahoe Forest Health System 2025). Based
on STEEEP, AHRQ) then proposed a six-dimension sys-
tem to evaluate physicians” service quality: safety, effec-
tiveness, patient-centeredness, timeliness, efficiency and
descriptive measures (SEPTED) (AHRQ 2019). In the pre-
sent study, we adopt and refine the SEPTED framework
as the foundation for assessing a physician’s service qual-
ity based on physician reviews.

In SEPTED, safety measures refer to the provider’s
responsibility to avoid harm to patients when provid-
ing the care that is intended to help them, which
reflects a physician’s technical skills. Effectiveness
measures require healthcare providers to base their
services on scientific knowledge to achieve desired
treatment outcomes, which is also part of a physician’s
technical skills. Patient-centeredness measures refer to
healthcare providers being respectful and responsive
to patients” preferences, needs, and values, ensuring
that patients’ interests guide all clinical decisions.
Timeliness measures require healthcare providers to
minimize waiting time or harmful delays for patients.
Efficiency measures require healthcare providers to
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Figure 1. Conceptual Model for Healthcare Service Quality:
SEPTE
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avoid all kinds of waste, including equipment, sup-
plies, ideas, and energy when caring for a patient.
The sixth dimension of the SEPTED model is descrip-
tive measures, which suggests using descriptive
information to assess physicians’ capacity for provid-
ing care, such as the number of medical procedures
performed. Although potentially useful, this dimen-
sion is considered ad hoc and not an official domain
defined by the Institute of Medicine according to
medical sciences (AHRQ 2019). Additionally, common
descriptive measures, such as percentage of certified
physicians and number of surgical procedures per-
formed, are typically not accessible to patients. Hence,
we refine the SEPTED model to be SEPTE by removing
the descriptive dimension for the present research
endeavor as Figure 1 shows.

3.2. Online Consultation Demand Model
and Hypotheses

In the present study, we assume that positive reviews
can increase physicians’ online consultation demand
because literature shows that positive customer
reviews can increase purchase (Singh et al. 2017, Guo
et al. 2020). As illustrated in Figure 1, our conceptual
model outlines the association between a physician’s
service quality and the subsequent patient demand
for online consultations. To empirically examine this
relationship, we construct the following model repre-
sented by Equation (1). This model posits that the
online demand for physician i at time ¢ is a function of
the service quality provided by that physician, along
with relevant control variables. The equation can be
expressed as

OnlineDemand, ¢

= g(ServiceQuality, ,; ControlVariables; ;). (1)

Furthermore, the health service quality is estimated
by SEPTE, so Equation (1) can be represented as

OnlineDemand,; ¢
= p,Safety, , + p,Effectiveness;
+ B,PatientCenteredness; ; + 8, Timeliness; ;
+ BsEfficiency, , + vyControlVariables; ;
+a;+ 0+ € 2)

In Equation (2), OnlineDemand;; denotes the online
consultation demand for physician i at time t. The
coefficients f5,—f capture the effects of the five service
quality dimensions, and ¥ is the vector of coefficients
on the control variables. The term «; denotes physi-
cian fixed effects and §; denotes time fixed effects,
respectively. All standard errors are clustered at the
physician level to account for within-physician corre-
lation over time.

We hypothesize that all five dimensions of physician
service quality positively influence online consultation
demand, as illustrated in Figure 1. The complete hypoth-
esis development is provided in Online Appendix A.

4. Methods

4.1. Language Modeling Methods

To evaluate physician service quality based on reviews
by patients, precise sentiment analysis methods are
essential for extracting sentiments across the SEPTE
framework dimensions. Sentiment analysis of unstruc-
tured text allows us to infer patient sentiments toward
service quality, and language models are currently the
most effective approaches for this task (Devlin et al.
2019). Scholars in information systems have utilized
these models to address various business and societal
challenges, including healthcare, finance, social net-
works, privacy, and misinformation (Menon and Sar-
kar 2016, Hendershott et al. 2017, Li et al. 2017, Fang
et al. 2021). In this context, we employ two prominent
and customizable algorithms, Doc2Vec and BERT, to
develop a method that extracts valuable insights from
physician reviews and accurately assesses sentiments
associated with healthcare service quality.

Doc2Vec is a distributed representation learning
algorithm that generates vector embeddings for entire
documents, including sentences, paragraphs, and even
complete sets of documents (Le and Mikolov 2014). It
has become popular for various language modeling
tasks such as document classification and sentiment
analysis, outperforming traditional NLP methods like
bag-of-words (BoW) and Term Frequency-Inverse
Document Frequency (Dai et al. 2015), and demon-
strating competitiveness with approaches like convo-
lutional neural networks (CNNSs) and recurrent neural
networks (RNNs). One advantage of Doc2Vec is its
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Figure 2. Structure of Doc2Vec Algorithm

Input (paragraph |— =
or document) —ILI »IITITT]
Document Document
Token Embedding

ability to capture the meaning of lengthy texts. How-
ever, it may miss nuances and subtleties at the sen-
tence or phrase level, struggling to recognize local
contextual variations (Lau and Baldwin 2020). In the
Doc2Vec process, the document is represented as a
special token, and the model iteratively refines its out-
put vector by considering each word in the document,
generating an embedding that effectively captures the
document’s semantic content. The structure of Doc2-
Vec algorithm is shown in Figure 2.

Another popular algorithm is BERT, introduced by.
BERT has significantly advanced NLP tasks like senti-
ment analysis, question answering, and machine transla-
tion by leveraging the transformer architecture Vaswani
et al. (2017). It uses bidirectional context and masked lan-
guage modeling to capture deep contextual representa-
tions, achieving state-of-the-art performance in various
applications (Raffel et al. 2020). As shown in Figure 3,
BERT processes input text by creating word embeddings
for each word, which are passed through a transformer
encoder to generate a document-level embedding used for
downstream tasks. Its network architecture allows exten-
sive customization to meet specific requirements.

However, BERT has limitations, such as a fixed
input length that can lead to the omission of important
text beyond its capacity, potentially missing relation-
ships between distant parts of a document (Zaheer
et al. 2020). Additionally, pretrained BERT models use
a general vocabulary built from sources like Wikipedia
and news articles, which may lack medical terminol-
ogy and clinical jargon. This lack of domain-specific
knowledge can hinder BERT’s understanding of medi-
cal texts. To address these challenges, we customize
BERT into a smaller language model with 110 million
parameters, in contrast to the billions in LLMs, making
it more focused and efficient for the healthcare domain.
By integrating Doc2Vec and customized BERT em-
beddings, along with masked language modeling

Figure 3. Structure of BERT Algorithm
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techniques, we enhance our algorithm’s adaptability
and effectiveness for this study.

4.2. Our Small Language Model: Doc-BERT

4.2.1. Algorithm Design. To leverage the advantages
of both Doc2Vec and BERT while mitigating their
respective limitations, we have developed a novel SLM
algorithm called Doc-BERT. Doc2Vec excels at generat-
ing document-level embeddings, capturing the overall
context and meaning of the text, and BERT’s profi-
ciency lies in understanding contextual information
and modeling long-term dependencies between words.
By combining these advantages, Doc-BERT aims to cre-
ate a comprehensive and accurate representation of
documents, making it well-suited for tasks requiring
deep semantic understanding and context-aware anal-
ysis. These features are then fed into a deep neural net-
work (DNN) for sentiment analysis. Doc-BERT shines
when interpreting reviews that can be lengthy and
carry complex sentiment structures. Despite an over-
arching positive or negative sentiment, reviews often
contain context-dependent sentiments that swing the
other way. Doc-BERT comprehends the broader mean-
ing of extensive documents while recognizing the
semantic variations of words in diverse contexts.

The architecture of Doc-BERT is illustrated in Figure 4.
In this algorithm, each physician review is treated as a
document and passed through both a Doc2Vec module
and an enhanced and fine-tuned BERT module. Upon
processing a document, the Doc2Vec module generates a
vector, also known as an embedding, for the document.
This embedding captures the fundamental semantics or
overall meaning of a document. In essence, Doc2Vec can
represent the global meaning of a review at the docu-
ment level.

Besides the intrinsic advantages of BERT, we also
innovatively customize it by integrating the disease
type information into the embedding process. This
modification is achieved by implementing a 1ink_-
disease_type () function in the BERT module as
an additional embedding layer, as illustrated in Pseudo-
code 2 of Online Appendix B. By incorporating the dis-
ease type, our algorithm effectively captures domain-
specific contextual nuances and seamlessly integrates
them with the document-level embeddings, resulting in
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/J‘\ /1\\
| T

A \J

- 111711

Embeddings

Document Level
Word Embedding

[ Transformer Encoder ]m




Downloaded from informs.org by [216.73.217.72] on 04 June 2026, at 13:29 . For personal use only, all rights reserved.

Zhang et al.: Online Physician Reviews: Small Language Model Study
Information Systems Research, Articles in Advance, pp. 1-17, © 2026 The Author(s)

Figure 4. Architecture of Our Newly Designed Small Language Model: Doc-BERT
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a deeper understanding and analysis of physician
reviews.

In addition to integrating the disease type into the
BERT module, we have employed a fine-tuning method,
masked language modeling (MLM). This fine-tuning
process enhances the BERT model’s ability to predict
masked tokens with greater accuracy, leading to a thor-
ough understanding of the domain context (Salazar et al.
2020). MLM is designed to generate precise predictions
to restore a corrupted input sequence. When training a
language model with MLM, a certain percentage of the
input tokens in a given text are randomly masked,
meaning they are replaced with the [MASK] token, a
special placeholder. The objective is for the model to
predict the original tokens that were masked based on
the context of the surrounding words. Formally, con-
sider an input sequence S derived from a set of physi-
cian reviews, D. The sequence S is represented as
S:=(t1,ty,...,t,), where n is the number of tokens and
t; denotes a token. Let S_; denote the sequence of tokens
after the ith token, t;, is excluded and replaced with a
special [MASK] token, as shown:

S—i = <t1/t2/ ti—l/ [MASK]/ti+1~ .. /tl’l>-

Then define S_,, as the sequence excluding m tokens
and replacing them with the [MASK] token, |IM|=m,
McCS. MLM’s objective is to learn a probabilistic
model pp minimizing the loss function £(D).

LD)=E E m logpe<tl|sM>}

The architecture of the proposed MLM fine-tuning
process is illustrated in Figure 5. To initiate the pro-
cess, the input document (an online review) is dissem-
inated into a sequence of text tokens. These tokens
then undergo a four-embedding procedure (Figure 5)
to incorporate essential information such as word,
sentence, position in the sentence, and disease type

DNN with Dense Layers

Sentiment Scores on Dimensions
Input Layer of Healthcare Service Quality
T 1

| Hi H :
| Hidden'l ayora . Safety (score: 0.8) i

Meta Embedding

information. The final input embedding is obtained
by summing these four individual embeddings. Fol-
lowing this embedding procedure, we employ a well-
established positional encoding method, as delineated
by Vaswani et al. (2017), to help BERT understand the
sequence of tokens in a sentence, allowing it to under-
stand the order and arrangement of words in a sen-
tence. The sequence after positional encoding is sent
to the BERT encoder and compute attention scores,
which measures the relative importance of words in a
sentence and helps BERT to focus on important words
to understand the meaning of the whole sentence. The
attention scores are fed into a softmax classifier to pre-
dict the original words of the [MASK] words. The
next stage in the process involves the comparison of
the ground truth words and the predicted [MASK]
words, which is integral to the calculation of loss. This
loss is then used to perform backpropagation within
the deep neural network to enhance the model’s pre-
dictive performance. For further reference, the speci-
fics of the proposed BERT model fine-tuned with
MLM are concisely outlined in Online Appendix B,
Pseudocode 3.

The embeddings generated from the two modules,
Doc2Vec and BERT, will be concatenated to create a
more comprehensive and accurate representation of
the entire document. Finally, these embeddings are
fed into a DNN module for sentiment analysis, as
illustrated in Figure 4. The DNN module utilizes this
combined embedding to understand both the global
context and detailed nuances of the reviews, allowing
for a more holistic analysis of sentiment on multiple
healthcare service quality dimensions. Detailed imple-
mentation of the DNN module is provided in Pseudo-
code 4 of Online Appendix B.

Doc-BERT offers several notable advantages. First
and foremost, it excels in capturing both local and
global contexts within long texts, allowing it to identify
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Figure 5. (Color online) Architecture of BERT Fine-Tuning with Masked Language Model in Doc-BERT
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scattered negative sentiments in predominantly posi-
tive reviews, and vice versa. This enhances its perfor-
mance in sentiment analysis tasks that require a deep
understanding of contextual nuances. Second, Doc-
BERT effectively leverages medical context, even for
rare words, by incorporating disease type information
into BERT embeddings. This results in improved repre-
sentations for medical terms, crucial for analyzing
healthcare-related texts. Third, our approach is robust
to noise through complementary mechanisms. Doc2-
Vec captures global co-occurrence statistics, whereas
BERT focuses on token-level dependencies; as a result,
noise appears differently in each embedding, whereas
true semantic meaning remains consistent across both.
By concatenating these representations, aligned seman-
tic components reinforce one another and mismatched
noise is diluted. Additionally, the disease-type embed-
ding layer constrains the model’s attention to medically
relevant relationships. Lastly, Doc-BERT is highly effi-
cient because of its significantly fewer parameters com-
pared with LLMs, allowing it to achieve superior
performance with reduced computational resources.
With its notable advantages, including its ability to
understand the meaning of long texts, capture local
contextual nuances, handle rare words, and generate a
multimodal representation of the text, Doc-BERT is
well suited for extracting the sentiment scores and the
five dimensions of the SEPTE healthcare service quality
model from a vast collection of physician reviews.

4.2.2. Algorithm Walkthrough with Example. To illus-
trate the mechanism of our algorithm, considering the
following review as an example.

Example Review: “Dr. XYZ was very attentive during
the online consultation about my depression, listening
to my feelings and concerns and explaining his diag-
nosis and treatment plan patiently. He ensures I
understood the plan and fosters a strong sense of
attachment and trust that made me feel relaxed and
supported. Based on my condition, he prescribed a
psychological therapy treatment plan to support me,
which instilled confidence in my recovery. My weekly
therapy always started on time. During the consulta-
tion with Dr. XYZ, I felt very comfortable, and my
privacy was protected. The prescribed therapy ses-
sions were effective, and I noticed improvements in
my mood, which became stable over time. Overall,
the online consultation and the prescribed therapy by
Dr. XYZ were both efficient. Thank you, Dr. XYZ, for
your attentive care and warm attitude!”

The Doc2Vec module processes this review example
to generate a document-level embedding v;, which is a
vector that encapsulates the global meaning and over-
all semantics of the text. By default, the Doc2Vec algo-
rithm generates a vector with 300 elements, providing
a comprehensive representation of the review’s con-
tent. An example of such a vector is: v; = [0.37, —0.24,
—0.41,0.65,...,0.22]. The 300 elements collectively
represent the algorithm’s understanding of the review.
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Each element in the vector, v,,, contributes to represent-
ing one or more features, such as a word or phrase, or
aspect of the five dimensions of healthcare service qual-
ity: safety, effectiveness, patient-centeredness, timeli-
ness, and efficiency. In essence, each element v;, has a
weighted representation contributing to the overall
understanding of these dimensions such as safety.

To address Doc2Vec’s limitations in capturing local
contextual variations of semantics, we enhance the doc-
ument representation by incorporating a customized
BERT method. BERT embeds a sequence of tokens
from three perspectives: the token ID in the vocabulary,
token’s sentence ID, and token’s position in the sen-
tence. Our BERT module processes each review and
generate a document-level embedding v;, which cap-
tures the nuanced contextual information and semantic
relationships within the text.

An example of the embedding generated by BERT
is v, =[0.34,0.46,0.76, —0.33, ...,0.41]. By default, this
vector has 768 elements, each corresponding to a spe-
cific feature or aspect of the text, such as the context in
which a word is used or its relationship to other
words. This allows BERT to represent the contextual
meaning of individual words and their interdepen-
dencies, capturing the intricacies of the five dimen-
sions of healthcare service quality. Using the same
example review as the Doc2Vec’s, in the phrase “He
(Dr. XYZ) ... fosters a strong sense of attachment and
trust...,” Doc2Vec might interpret “attachment” as
“accessory,” which could misrepresent the patient’s
sentiment and seem disrespectful. In contrast, our
BERT module understands “attachment” in the con-
text of an “emotional connection,” accurately reflect-
ing the patient’s true feelings.

To demonstrate the advantages of embedding dis-
ease type information, consider the following excerpt
from the example review:

“Based on my condition, he (Dr. XYZ) prescribed a
[MASK] therapy treatment plan to [MASK] me, which
instilled confidence in my recovery.”

During the training stage, the model predicts masked
words based on the surrounding context. The accuracy
of the algorithm is demonstrated by its ability to recover
the original words. A standard BERT model would pre-
dict the masked words as “appropriate” and “aid,”
which are grammatically correct but not accurate. How-
ever, with the inclusion of the patient’s disease type as
depression, the masked words are accurately predicted
as “psychological” and “support.” When the words
“psychological” and “support” are correctly understood,
the sentence reflects the use of an accurate treatment
method and evaluates the Effectiveness dimension.
Conversely, if the masked words are interpreted as
“appropriate” and “aid,” the sentence emphasizes tailor-
ing care to individual patient needs and preferences,

which could mistakenly align the review with the
patient-centeredness dimension. After the disease-type
layer is added, the BERT embedding for the example
review v, will be changed to v}, =[0.79,0.68, —0.090,
0.76, ...,0.59]. This vector reflects a deeper understand-
ing of physician reviews once the disease type is
considered.

The MLM fine-tuning process substantially enhances
the model’s ability to capture SEPTE domain-specific
nuances, especially in contexts where accurate word
predictions are critical for understanding sentiment
and medical relevance. For example, in the excerpt
from the example review:

“Thank you, Doctor XYZ, for your [MASK] [MASK]
and warm attitude!”

A standard BERT predicts the masked words “good
technology,” which, although plausible, do not reflect
any dimension of healthcare service quality. In con-
trast, the MLM-fine-tuned BERT module predicts the
masked words as “attentive care,” accurately reflect-
ing the service quality in the dimension of patient-
centeredness, as depicted in Figure 5. The embedding
generated by the fine-tuned module v}’ =[0.67, 0.55,
—0.33, —0.04, ..., 0.49], maintaining the same number
of elements as BERT but capturing nuanced meanings
that are more attuned to the context of our medical-
background data set. This capability ensures that our
model can handle complex and contextually rich
inputs, making it particularly effective for tasks that
demand precise semantic interpretation.

The embeddings from Doc2Vec, v;, and MLM-fine-
tuned BERT, v}/, are concatenated to form v. = [v,, v} ] =
[037, —024, —0.41, 0.65,..., 0.22, 0.67, 0.55, —0.33,
—0.04, ..., 0.49], with a total length of 1068. This com-
bined representation leverages the global meaning cap-
tured by Doc2Vec and the local contextual meaning
learned from BERT. Then v, is fed to the DNN module
for sentiment analysis.

In the example review, the DNN interprets the over-
arching sentiment of trust and satisfaction reflected
in statements like “Dr. XYZ was very attentive” and
“(He fosters ... trust that) ... made me feel relaxed and
supported” using the Doc2Vec embedding. Mean-
while, the fine-tuned BERT embedding helps DNN
interpret the subtle contextual meanings in phrases
such as “psychological therapy treatment plan to sup-
port me” and “fosters a strong sense of attachment
and trust” accurately identifying their relevance to
effectiveness and patient-centeredness dimensions.
This approach is particularly beneficial when senti-
ments related to multiple dimensions, such as safety (“I
felt very comfortable, and my privacy was protected.”),
timeliness (“My weekly therapy always started on
time”), and efficiency (“Overall, the online consultation
and the prescribed therapy ... were both efficient”), are
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all present in the same review. Finally, the DNN mod-
ule provides sentiment scores for each dimension
simultaneously, offering a detailed understanding of
the review’s sentiment aligned with the SEPTE health-
care service quality model. For the example review,
the DNN module generates the following sentiment
scores: safety=0.86; effectiveness=0.91; patient-
centeredness = 0.88; timeliness = 0.81; efficiency = 0.84.
More examples comparing the generated embeddings
and sentiment scores between Doc-BERT and bench-
marks are available in the Online Appendix C.

In summary, Doc-BERT is, to our knowledge, the
first SLM (approximately 110M parameters) to com-
bine global Doc2Vec embeddings with token-level
BERT attention plus a disease-type embedding layer,
allowing it to capture global coherence, local nuance,
and medical context simultaneously. Unlike conven-
tional ABSA approaches that either rely on attention
mechanisms alone or predefined aspect lexicons, Doc-
BERT integrates theory-grounded healthcare quality
dimensions directly into its architecture. Its aspect
identification capability achieves higher than 90% accu-
racy in mapping sentences to SEPTE dimensions, con-
firming that it consistently retrieves the authoritative
categories that healthcare regulators and patients use
when evaluating online healthcare service quality.

5. Data

5.1. Data Preprocessing

We assembled a data set from HaoDF.com (https://
www.haodf.com/), one of the largest online physician
consultation service platforms established in 2006 in
China, which includes millions of reviews on 936,975
physicians from 10,526 major hospitals across China.
Data were collected via web crawling over a 24-month
period from February 2022 to February 2024. Both
online and offline consultation reviews are available on
the website; however, we exclusively utilized reviews
related to online consultation services. This approach
ensures that our analysis accurately reflects the specific
dynamics and patient decision-making processes associ-
ated with online healthcare interactions. To control for
disease-related confounding factors, we focused on phy-
sicians specializing in the five most common low-risk
diseases (hypertension, rheumatoid arthritis, gastritis,
depression, and menoxenia) and the five most common
high-risk diseases (leukemia, lung cancer, cirrhosis, cor-
onary heart disease, and diabetes), aligning with mortal-
ity rates from prior research (Yang et al. 2015). This
resulted in a data set of 5,258 physicians and 1,316,771
reviews. The average length of all reviews is 86 Chinese
characters, and 13.4% of reviews fall into the long-
review category (>200 characters). A screenshot of the
website interface, along with a sample physician profile
and corresponding reviews, is provided in Online

Appendix D. We obtained each physician’s profile infor-
mation, including specialty area, technical title (catego-
rized into four levels: senior physician, associate senior
physician, attending physician, and resident physi-
cian), hospital location, and engagement details such
as posts, reviews, thank-you letters, and virtual gifts
received over time. Weekly platform-assigned recom-
mendation scores and patient satisfaction ratings were
also collected.

For the textual reviews, we first removed stop words
and other irrelevant content to retain meaningful
information and then linked each review to its corre-
sponding physician ID for averaging sentiment scores.
Although transformer models such as BERT can pro-
cess raw text, this filtering step improves the Doc2Vec
component’s performance; to keep inputs consistent,
we therefore applied the same preprocessing to both
Doc2Vec and BERT. We also incorporated a disease-
specific medical dictionary covering all included condi-
tions to enhance term recognition. A random sample of
10,000 reviews was manually labeled by two domain
experts. They independently assessed each review
across the SEPTE model dimensions and assigned sen-
timent scores on a scale from —2 to +2, following a pre-
defined sentiment lexicon with emotional weights for
various words (Dong and Dong 2003). Interrater reli-
ability was high (kappa = 0.92), indicating strong agree-
ment (Fleiss et al. 2013). The labeled data were then
used to train and test our Doc-BERT algorithm against
established methods.

5.2. Algorithm Performance Evaluation

5.2.1. Performance Comparison. In this section, we
conduct four sets of performance assessment experi-
ments to evaluate the proposed Doc-BERT model against
19 baseline algorithms, as summarized in Table 1. The
models are compared under both zero-shot and few-
shot learning settings using standard regression metrics
for numeric outcomes: mean squared error (MSE), root
mean squared error (RMSE), and mean absolute error
(MAE), which together provide a comprehensive view
of prediction accuracy and error magnitude.

For the performance evaluations, we randomly split
the labeled data set of 10,000 reviews into training and
testing sets using an 80:20 ratio. The detailed setup of
performance assessments of Doc-BERT with other
algorithms is provided in Online Appendix E.1. To
ensure robustness, we repeat the experiment process
100 times, each time with different random splits for
training and testing. All the methods were trained
and tested on the same data splits in each repetition.
As the output of all methods is numerical sentiment
scores for the five dimensions of the SEPTE service
quality model, we adopt MSE, RMSE, and MAE as the
performance metrics. Table 1 displays the average
MSE, RMSE, and MAE values obtained from 100 runs


https://www.haodf.com/
https://www.haodf.com/

Downloaded from informs.org by [216.73.217.72] on 04 June 2026, at 13:29 . For personal use only, all rights reserved.

10

Zhang et al.: Online Physician Reviews: Small Language Model Study

Information Systems Research, Articles in Advance, pp. 1-17, © 2026 The Author(s)

Table 1. Performance Comparison Between Doc-BERT and Other Benchmark Methods

Metrics
Algorithms MSE RMSE MAE No. of parameters
Experiment 1 Linear regression 0.32%** 0.57%** 0.36%**
Regression tree 0.46%** 0.68*** 0.50%**
Support vector regression 0.33*** 0.57%** 0.36%**
Lasso regression 0.34*** 0.58*** 0.39%**
Experiment 2 Word2Vec 0.30%** 0.55%** 0.43%**
GloVe 0.32%** 0.57*** 0.42%**
Doc2Vec 0.22%* 0.47%* 0.36***
Sentence transformer 0.19%** 0.44%** 0.30%**
Experiment 3 BERT 0.18*** 0.42%** 0.30*** 110 million
BERT with disease embedding 0.18*** 0.42%** 0.28*** 110 million
BERT with MLM fine-tuning 0.17%** 0.41%* 0.28%** 110 million
ALBERT 0.19** 0.44** 0.29%** 12 million
DistilBERT 0.18*** 0.42%** 0.28*** 66 million
Experiment 4 ChatGPT zero-shot 0.34*** 0.58*** 0.38*** 175 billion
ChatGPT few-shot 0.28*** 0.53%** 0.32%** 175 billion
Llama2 zero-shot 0.37*** 0.61*** 0.40%** 70 billion
Llama2 few-shot 0.32%** 0.57*** 0.37*** 70 billion
Gemini Nano zero-shot 0.41%** 0.64*** 0.42%** 3 billion
Gemini Nano few-shot 0.37%%* 0.61%** 0.37%%* 3 billion
Our proposed method Doc-BERT 0.13 0.36 0.22 110 million

Note. n=2,000.
***p <0.001, *p < 0.01, and *p < 0.05 by t-test.

for each method. To assess the significance of differ-
ences between Doc-BERT and the baseline algorithms,
we conducted paired t-tests. Remarkably, our Doc-
BERT method achieved the lowest MSE value, indicat-
ing its superior performance compared with the other
approaches. All t-test results showed significant dif-
ferences at the 0.001 level. Experiment 1 demonstrates
that Doc-BERT achieved significantly lower MSE,
RMSE, and MAE values compared with conventional
machine learning models, demonstrating its superior
predictive power through deep learning. In Experi-
ment 2, Doc-BERT outperforms text embedding mod-
els like Word2Vec, GloVe, and Doc2Vec, highlighting
its effectiveness in capturing and representing health-
care service quality data. Experiment 3 demonstrates
that Doc-BERT outperforms multiple BERT-based var-
iants, including standard BERT, BERT with disease
embeddings, BERT fine-tuned with MLM, and two more
efficient compact models ALBERT and DistilBERT,
because of its refined architecture that more effectively
captures nuanced, dimension-level sentiment in health-
care reviews. Additional evidence that this performance
advantage persists across short, medium, and long
reviews is provided in Online Appendix E.2.

In Experiment 4, Doc-BERT performs better than
the tested LLM baselines—ChatGPT and Llama?2
in zero-shot and few-shot configurations. Consistent
with recent work showing that larger models are not
always superior for domain-specific classification pro-
blems, this result illustrates that a resource-efficient,

task-aligned SLM can be highly competitive in a
focused setting (Lepagnol et al. 2024). The performance
advantage of Doc-BERT reflects its specialized attention
to healthcare text, enabling it to discern subtle semantic
nuances that broader LLMs may overlook. Further-
more, the domain-specific fine-tuning enhances its
understanding of healthcare-related sentiment and ser-
vice quality, yielding consistently high predictive accu-
racy relative to the LLM baselines we consider. Table 1
also reports the number of training parameters required
by each model. This metric is crucial as it directly
impacts both the training time and computational
resource requirements, which in turn determine over-
all cost. A smaller number of parameters typically
leads to faster training times and reduced computa-
tional demands, making our model potentially more
time and cost efficient for practical applications, espe-
cially in settings with limited computational resources.
Notably, our proposed method, Doc-BERT, requires 110
million parameters, significantly fewer than LLMs with
billions of parameters, highlighting its efficiency and suit-
ability for resource-constrained environments. Together,
these results highlight Doc-BERT's effectiveness and effi-
ciency, underscoring its promise as a practical tool for
comprehensive healthcare service quality assessment,
particularly in resource-constrained environments.

5.2.2. Architecture Comparison. Although LLMs such
as ChatGPT, Llama, and Gemini offer powerful
general-purpose capabilities, their performance in our
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task of aspect-specific sentiment extraction in health-
care reviews was consistently outperformed by our
proposed Doc-BERT model. This performance differ-
ence is attributable to three main factors:

First, Doc-BERT benefits from domain-specific fine-
tuning on medical reviews. LLMs are pretrained on
broad corpora such as Wikipedia and Common Crawl,
which lack sufficient healthcare-specific sentiment
nuances and clinical vocabulary. Doc-BERT incorpo-
rates disease-type embeddings and is fine-tuned on
labeled review data aligned with a healthcare quality
framework, allowing it to capture semantic subtleties
that LLMs overlook.

Second, our architecture is more task-aligned and
parameter-efficient. LLMs typically require prompt
engineering and are optimized for text generation or
general question answering, not structured document-
level regression across multiple predefined dimensions.
Their large context windows are underutilized in our
setting, while their billions of parameters increase the
risk of overfitting when fine-tuned on smaller labeled
data sets. Doc-BERT, by contrast, integrates lightweight
contextual and global embeddings, resulting in stronger
generalization with lower computational cost.

Third, the hybrid structure of Doc-BERT, combining
Doc2Vec for global document meaning with fine-
tuned BERT for contextual nuance, proves more effec-
tive in interpreting lengthy reviews that contain mixed
or contradictory sentiments across different service
dimensions. Reviews often contain both positive and

Table 2. Descriptive Statistics of Our Data Set

negative expressions regarding different aspects of
healthcare quality. Our model is designed to capture
such sentiment contradictions across dimensions,
whereas LLMs often average sentiment across the
entire review unless explicitly prompted otherwise.

To further demonstrate reliability, we extended our
sentiment accuracy tests to include an independent
RateMDs data set, where Doc-BERT again consistently
outperformed all baselines (details in Online Appen-
dix F). Given Doc-BERT’s outstanding performance,
we utilize it to process more than 1 million reviews in
our data set, enabling a comprehensive healthcare
quality evaluation. This ensured that we obtained
accurate and reliable assessments across a larger sam-
ple of reviews.

5.3. Descriptive Statistics

Table 2 presents the descriptive statistics of our data
set, encompassing various personal attributes of phy-
sicians, both time varying and invariant, as well as the
sentiment scores pertaining to their service dimen-
sions of 5,258 physicians over 24 months for a total
of 546,832 observations. These sentiment scores are
derived using our Doc-BERT method and aggregated
at the weekly level. Online consultation demand is
defined as the number of weekly online appointments
a physician receives on the platform. On average, phy-
sicians receive 1.8 online appointments per week,
with a maximum of 74 appointments. Approximately
50% of physicians hold the highest technical title of

Standard
Variable Mean deviation Median Minimum Maximum
Dependent variable: Online consultation demand 1.80 3.77 0 0 74
(number of appointments per physician per week)
Physician attributes (individual level)
Risky 0.65 0.47 1 0 1
Title rank 1 0.0080 0.080 0 0 1
Title rank 2 0.12 0.31 0 0 1
Title rank 3 0.39 0.47 0 0 1
Title rank 4 0.48 0.51 0 0 1
Platform tenure 5.77 2.83 6 0 9
Physician attributes (weekly)
No. of posts 0.68 24.67 0 0 46
No. of reviews 241 6.05 1 0 102
No. of thank you letters 0.36 1.01 0 0 38
No. of gifts 0.92 3.21 0 0 66
Numerical ratings (weekly)
Numerical rating score by patient 0.87 0.19 1 0.48 1
Recommend score by platform 4.30 0.34 4 0 5
Service quality dimensions (weekly)
Safety 0.25 0.21 0 0 0.43
Effectiveness 0.15 0.20 0 0 0.43
Patient-centeredness 0.61 0.48 1 —0.080 1
Timeliness 0.79 0.22 1 —0.32 1.60
Efficiency 0.59 0.46 1 —-0.12 1.86
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senior physician. Physicians have been using the plat-
form for an average of 5.77 years, with a maximum of
9 years. On average, physicians receive 2.41 reviews
per week, with a maximum of 102 reviews.

Online Appendix G presents the correlation matrix of
variables used in the regression model. Note that some
variables are categorical (e.g., physician title rank); there-
fore, we use Pearson’s R for continuous-continuous
variables, correlation ratio for categorical-continuous
variables, and Cramer’s V for categorical-categorical
variables.

6. Results

6.1. Results of Primary Empirical Models

To examine our research questions, we estimate a
fixed-effects regression model based on Equation (2)
in Section 3.2, incorporating five time-varying control
variables and physician fixed effects ; to control for
unobserved heterogeneity. The five control variables
are: the number of healthcare-related posts shared by
the physician (Posts; ;), the number of reviews received
(Reviews; ;), the number of thank-you letters (ThankYou
Letters; ), the number of virtual gifts (Gifts, ;) during
week t, and the number of online consultations
received in the previous week (OnlineDemand; ;_1).

We used Poisson regression to estimate the model,
as the dependent variable is a count with similar mean
and variance. The results are presented in Table 3. We
also conducted negative binomial regression analyses,
which yielded similar results (see Online Appendix H).
To further examine the effects of variables across differ-
ent aspects, we specified three distinct models in a step-
wise manner.

Model 1 includes five time-varying control variables
that are directly observable on the platform without
reading textual reviews. The number of posts shared by
a physician is statistically insignificant, suggesting this
physician-initiated behavior does not significantly influ-
ence patients” appointment decisions, likely because it
conveys limited information about service quality. In
contrast, patient-initiated engagement—the total num-
ber of reviews (which includes both positive and nega-
tive reviews, p = 0.50), thank-you letters (5 = 0.17), and
virtual gifts (f =0.14)—are all statistically significant.
Notably, the number of reviews has a substantial larger
effect on online consultation demand than thank-you let-
ters and virtual gifts. This suggests that the content of
reviews may influence consultation demand more than
numerical indicators of positive feedback (such as thank-
you letters or virtual gifts), aligning with prior studies

Table 3. Regression Results of Our Empirical Models

Model 1 Model 2 Model 3
Control variables (physician’s time-varying attributes)
Number of Posts Created Per Week 0.00031 0.00083 0.00084
(0.00081) (0.00091) (0.00076)
Number of Online Reviews Received Per Week 0.50%** 0.26** 0.19***
(0.023) (0.025) (0.023)
Number of Thank You Letters Received Per Week 0.17** 0.15%** 0.12%*
(0.040) (0.041) (0.040)
Number of Virtual Gifts Received Per Week 0.14%* 0.082+%** 0.081%**
(0.0079) (0.0073) (0.0082)
Number of Online Consultations of Previous Week 0.85** 0.84** 0.85**
(0.061) (0.048) (0.044)
Numerical rating scores
Average Numerical Rating Score by Patient Per Week 0.039 0.22
(0.12) (0.26)
Recommendation Score by Platform Per Week 2.88%** 3.00%**
(0.072) (0.078)
Service quality scores
Safety 0.11%**
(0.013)
Effectiveness 0.78***
(0.10)
Patient-centeredness 0.66***
(0.077)
Timeliness 0.23**
(0.083)
Efficiency 0.18**
(0.056)
Pseudo-R? 031 035 0.72

Note. N =546,832.
***p <0.001; **p <0.01; *p <0.05.
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emphasizing the importance of analyzing qualitative
comments (Siegrist 2013). The control variable, the num-
ber of online consultation appointments in the previous
week, is statistically significant (8 = 0.85) because of the
high correlation between these variables. However, no
endogeneity issue arises because the dependent variable
(current appointments) does not influence the indepen-
dent variable (previous week appointments).

In Model 2, we added two additional time-varying
variables: the average patient rating (numerical) each
week and the platform’s recommendation score for
each physician. The five variables from Model 1
showed slightly reduced coefficient magnitudes but
remained statistically significant with consistent direc-
tional effects. Notably, the platform’s recommendation
score is a significant predictor of online consultation
demand (B = 2.88). This finding is unsurprising given
that the platform prominently displays the recommen-
dation score in the most visible position on the website.
This score is algorithmically assigned by the platform
based on multiple performance metrics, serving as an
authoritative quality signal. Conversely, patient ratings
are not statistically significant, likely because of limited
variance (¥ =0.87,5 =0.19). These results provide ini-
tial evidence that patients rely on certain quality
signals—particularly the platform’s recommendation
score, review volume, and patient appreciation signals
such as thank-you letters and virtual gifts. Notably, the
coefficient for the review volume decreased from 0.50
in Model 1 to 0.26 in Model 2, suggesting that the plat-
form recommendation score partially captures infor-
mation also reflected in review volume. Neither patient
ratings nor physician-shared posts significantly influ-
ence consultation demand. Model 2 demonstrates that
patients respond to aggregate quality signals that pub-
lished by the platform. However, these variables repre-
sent black-box measures that do not reveal which
specific service quality dimensions patients value. This
limitation motivates our primary analysis: extracting
interpretable service quality dimensions from textual
reviews using Doc-BERT to identify which aspects of
physician performance drive patient choice.

In Model 3, we incorporate the five service quality
dimensions from the SEPTE framework alongside all
variables from Model 2. These dimensions—safety,
effectiveness, patient-centeredness, timeliness, and
efficiency—are measured as sentiment scores extracted
from textual reviews using Doc-BERT. The results indi-
cate that all five dimensions have statistically signifi-
cant effects on online consultation demand, supporting
our hypotheses and the SEPTE framework. Notably,
the coefficient for review volume is further attenuated
(from $=0.26 in Model 2 to =0.19 in Model 3),
underscoring that the content of reviews matters more
than review quantity alone. Among the five dimen-
sions, effectiveness has the largest impact (f =0.78),

followed by patient-centeredness (8 = 0.66), timeliness
(p =0.23), efficiency (=0.18), and safety (f=0.11).
These findings align with prior health service quality
research (Fung et al. 2005, Dagger et al. 2007, Hirpa et al.
2020, Lamprecht et al. 2020) but our results derived
from NLP of online reviews rather than surveys,
demonstrating the value of naturally occurring patient
feedback. The lagged dependent variable (= 0.85)
indicates strong demand persistence, reflecting reputa-
tion effects. These results reveal that to increase online
consultation demand, physicians should prioritize two
key service quality dimension: effectiveness (technical
competence in diagnosis and treatment) and patient-
centeredness (empathy and attentiveness to patients’
needs).

6.2. Robustness Checks

6.2.1. Difference in Difference with Propensity Score
Matching. To address potential selection bias, we
employ a difference-in-differences (DID) method com-
bined with propensity score matching (PSM). This
method ensures that physicians with higher service
quality scores are comparable to those with lower
scores on observable characteristics. Using the effec-
tiveness dimension as an illustrative example, we
define the treatment group as physicians with effec-
tiveness sentiment scores at or above the 75th percen-
tile. The control group is constructed using PSM to
select physicians from the remaining pool, matching
on three observable characteristics: title rank, account
tenure, and geographic location. We select these three
characteristics because they are platform-provided attri-
butes that reflect physicians” professional status and
service capacity. We estimate propensity scores using
logistic regression and employ nearest neighbor match-
ing to pair each physician in the treatment group with a
control physician having the closest propensity score.
The DID estimates show positive effects of each service
quality dimension on online consultation demand, con-
sistent with our main findings in Model 3. Coarsened
exact matching (CEM) yielded similar results, further
reinforcing the robustness of our findings (see Online
Appendix L1 for detailed results).

We verify covariate balance after matching and find
that the standardized differences for all matching
variables fall below the 5% threshold, confirming
successful mitigation of selection bias (see Online
Appendix L2 for balance diagnostics). Additionally,
we employ a generalized method of moments (GMM)
estimator to address potential endogeneity arising
from the lagged dependent variable. The Arellano-
Bond test for second-order autocorrelation (p =0.594)
and the Sargan-Hansen test for instrument validity
(x =1.04,p=0.31) support the model specification,
confirming no problematic correlation between the
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lagged dependent variable and the error term, validat-
ing our main model (details in Online Appendix 1.3).

6.2.2. Impact of Review Recency. We investigate
whether the recency of physician reviews moderates
the relationship between service quality dimensions
and consultation demand. Specifically, we test whether
recent reviews (posted in the current week) exert a
stronger influence on patient choice than the cumula-
tive historical record. The results reveal significant pos-
itive interaction effects for all five SEPTE dimensions,
indicating that patients place greater weight on recent
feedback when evaluating physician service quality.
These findings complement our main analysis and
demonstrate that the influence of service quality on
online consultation demand is amplified when fresh
reviews are available (see Online Appendix 1.4).

6.2.3. Impact of Review Sentiment Asymmetry. We
explore asymmetry in review sentiment by examining
whether positive and negative reviews exert differential
effects on consultation demand. Specifically, we investi-
gate whether a single positive review can improve
demand for physicians with generally low service qual-
ity scores, and whether a negative review dispropor-
tionately reduces demand for highly rated physicians.
The results indicate that isolated positive or negative
reviews do not significantly alter consultation demand
patterns, suggesting that patients rely on aggregate
quality signals rather than individual reviews when
making consultation decisions. This finding under-
scores the robustness of our sentiment-based quality
measures, which capture overall service quality rather
than being driven by outlier reviews (details in Online
Appendix L.5).

7. Contributions and Future Work

In the present study, we developed a fine-tuned SLM
specifically designed to extract service quality scores
from physician reviews by utilizing a refined health-
care service quality evaluation framework, and then
we empirically demonstrated that these quality dimen-
sions significantly impact online consultation demand,
using data from one of the largest online health plat-
forms in the world.

Our algorithm, Doc-BERT, offers several significant
advantages that enhance its impact and utility in sen-
timent analysis in the healthcare domain. First, Doc-
BERT, as an SLM, is designed with fewer parameters
compared with LLMs. This efficiency translates into
quicker training times and reduces computational
costs, making it ideal for real-time analysis and practi-
cal applications, especially in environments with lim-
ited computational resources. Second, our Doc-BERT
is specially fine-tuned for the healthcare domain via

MLM on the medical terminology, improving its abil-
ity to understand clinical language and contextual
nuances. This tuning ensures that Doc-BERT can accu-
rately interpret and analyze physician reviews. Third,
by integrating embeddings from both Doc2Vec and
BERT, Doc-BERT captures both global document-level
meaning and local contextual detail, allowing it to
model domain-specific jargon and sentiment in medi-
cal service discussions and improving the accuracy of
sentiment analysis.

Our research contributes to the information systems
field in three ways. Theoretically, we refine the SEPTED
framework into the SEPTE model, specifically tailored to
evaluate healthcare providers’ service quality in an
online consultation context. This refinement is grounded
in standards ratified by healthcare authorities and gov-
ernmental agencies, ensuring both conceptual validity
and practical relevance. Our study is among the first to
adapt and apply this framework to open-ended physi-
cian reviews, thereby extending theory on how patients
evaluate provider quality in digital health settings.

From a methodological perspective, we develop
Doc-BERT, an SLM specifically optimized for health-
care sentiment analysis that captures both the overall
meaning of lengthy texts and local contextual nuances,
even for rare medical terms. Doc-BERT integrates
document-level embeddings from Doc2Vec with token-
level contextual embeddings from BERT and adds
an embedding layer for disease type, enabling more
nuanced interpretation of each review and richer seman-
tic representations of service quality. A fine-tuned MLM
strategy further deepens linguistic comprehension in this
domain and enhances the model’s ability to interpret
complex sentiment structures within reviews. In our
experiments, these design choices allow Doc-BERT to
outperform 19 widely used text-mining methods in ana-
lyzing sentiment in physician reviews. Although our
focus is on healthcare, the design illustrates how a task-
aligned, domain-tuned SLM can be an effective and
resource-efficient option for sentiment analysis of user-
generated content across online platforms. By success-
fully applying a customized SLM to physician reviews,
our research addresses gaps in the literature and offers a
template for studying other under-researched domains
where nuanced textual understanding is crucial. This
approach highlights the potential of SLMs to provide
detailed, domain-specific insights and encourages fur-
ther exploration of task-aligned, fine-tuned models in
diverse contexts. Moreover, the design of Doc-BERT is
adaptable beyond healthcare, suggesting that similar
architectures could support effective sentiment analysis
of user-generated content in other online forums and
social media platforms. Together, these contributions not
only deepen understanding of healthcare service quality
but also lay the groundwork for innovative applications
of sentiment analysis in additional domains.
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Our research offers several implications for practi-
tioners by clarifying how the five SEPTE dimensions
shape online consultation demand. For physicians,
understanding the relative contribution of each SEPTE
dimension enables physicians to prioritize targeted
improvements in service delivery and develop strate-
gies to enhance both consultation demand and patient
satisfaction. The refined SEPTE framework, tailored
for online consultations, can also serve as a foundation
for integrating patient-specific data—such as health
status, demographics, and preferences—into more per-
sonalized decision-support tools and recommendation
systems that reveal how individual factors influence
patients’ choices.

For healthcare administrators and platform opera-
tors, our findings provide an evidence-based lens for
evaluating physician services and understanding their
effects on online consultation demand, thereby inform-
ing resource allocation, performance management, and
quality-improvement initiatives. Looking ahead, incor-
porating economic variables such as insurance coverage
and pricing models would allow future research to
examine the joint role of service quality and financial
considerations, supporting more nuanced policy recom-
mendations for healthcare platforms and payers, parti-
cularly around optimizing consultation offerings and
improving access in cost-sensitive environments.

Our study has several limitations that suggest future
research. First, our analysis relies exclusively on online
platform data and does not incorporate offline clinical
outcomes such as readmission rates, complication rates,
or treatment success metrics. Integrating online review
data with objective clinical quality measures would
provide a more comprehensive assessment of physician
service quality and enable validation of patient-
reported quality perceptions against clinical perfor-
mance indicators. Second, a lack of patient data may
introduce endogeneity in our model of patients” online
consultation choices; some patients might prefer certain
physicians for reasons not captured in our data, such as
favoring local physicians for potential in-person visits
in the future. Third, we currently lack insights into off-
line consultations. To address this, we plan to gather
data from a local hospital where some physicians also
provide consultation services on HaoDF.com, which
will help us gain additional insights and further distin-
guish these two formats of consultation. Lastly, the
structural differences among countries” online health
consultation or health systems, such as health insurance
policy, may affect the interpretation and applicability of
our findings.
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