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Abstract

valuable practical guidance for online physicians.

Online Healthcare Consulting Services (OHCS) can benefit physicians and patients. However, it is unclear how
OHCS and what types of persuasive content enhance patients’ intentions to visit offline. Based on the Elaboration
Likelihood Model (ELM) and Grice's maxims of the Cooperative Principle, we formulated hypotheses related to
factors in the central route, peripheral route, and patient involvement that influence patients’ offline visit intentions.
We used the amount of information, reliability, relevance, and understandability to measure information quality.

By collecting data from an online healthcare site, we employed a regression model to evaluate our hypotheses.
The results revealed that central route factors (amount of information, reliability, relevance, and understandability)
and peripheral cues positively affect patients' offline visits. We also verified that patient involvement increases the
impact of central route factors. This study extended the application of ELM and Grice’'s maxims in the field of OHCS,
offering insights into how patients form intentions to visit offline through persuasive online content and providing
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Introduction
Background
An online healthcare consulting service (OHCS) can
offer patients a convenient way to receive physicians’
services anytime, anywhere, at lower costs. Studies have
shown that OHCS can reduce spending and unnecessary
offline visits. Specifically, OHCS has been shown to pre-
vent office visits for about 40% of patients who signed up
for the service [1], and the availability of the service has
decreased spending on clinic visits [2].

For patients who require an offline visit, their online
physicians send messages to suggest scheduling an offline
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visit based on their professional ethics and knowledge.
Suppose these online patients accept the recommen-
dation to visit offline. In that case, they may avoid the
possible adverse consequences of patient delay, such as
missed treatment opportunities [3], severe financial bur-
dens on families and society, and even death. Therefore,
finding ways to help online physicians persuade patients
to form the intention to visit offline has great practical
significance.

Some studies have investigated the factors affect-
ing online patients’ offline visit intentions. Lu and Wu
(2016) [4] explored the effect of word of mouth (WOM)
on appointments made by online patients. Meanwhile,
Liu et al. (2016) [5] studied the impact of individual and
organizational reputation on patients making appoint-
ments. Wu et al. (2021) [6] found that a physician who
provides online health services has more outpatient vis-
its, less waiting time, higher patient satisfaction, and
loyalty in the offline channel. Xing et al. (2019) [7] found
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that patient satisfaction and online consultation intention
positively affected offline visit intention. These studies
have confirmed the overall positive impact of physician
participation, reputation, electronic word-of-mouth
(e-WOM), and patient satisfaction on the intention to
visit offline.

Given the shortage of offline medical resources in
China, we believe that the social value of OHCS is that
it can provide a screening platform, and physicians can
persuade those who need offline treatment to visit offline
while encouraging others to use online services to reduce
the burden on offline resources. Previous studies, how-
ever, have neglected the necessity of offline visits and the
communication content between physicians and patients
before offline visits. It remains unclear which specific
types of persuasive content from physicians can effec-
tively enhance patients’ intentions to make offline visits.

To fill this gap, we explored the effects of central route
factors (information quality) and peripheral cues on
patients’ offline visit intentions based on the elabora-
tion likelihood model (ELM) [8, 9]. We also apply Grice’s
maxims of the Cooperative Principle [10, 11] as a theo-
retical foundation to evaluate information quality. Grice’s
maxims are well-known guidelines for efficient and suc-
cessful communication [12, 13]. As we will discuss later,
using them to assess information quality can help us
better understand factors related to information quality.
The subjects of our study were limited to patients who
required offline visits. The main research questions are as
follows:

How does the persuasive content from online phy-
sicians adhering to Grice’s maxims enhance patients’
intentions to visit offline?

How does patient involvement influence physician
compliance with Grice’s maxims on patients’ intention to
visit offline?

We collected data on 16,738 patients from Good Doc-
tor Online, one of China’s largest online healthcare com-
munities. We considered the information quality of
messages as the central route factor, while physicians’
e-WOM and expertise cues were regarded as periph-
eral cues. Grice’s maxims (quantity, quality, relation, and
manner) were used to measure information quality. To
track patients’ intentions for offline visits more effec-
tively, we focused on whether patients had intentions to
visit the physicians they had previously consulted online
offline. We take the physician’s advice regarding whether
patients must go offline because physicians would only
recommend offline visits for online patients who were
clearly in need of an offline visit based on their profes-
sional ethics and medical expertise.

This study’s contributions are as follows: First, we
extend the research on online healthcare by studying
online interactions and offline visit intentions. Second,
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this study also reveals the value of OHCS, which can
screen patients for offline visits. Third, we applied ELM
in the OHCS context to study patients’ processing of phy-
sicians’ online information about offline visit intention
and considered the moderating effect of involvement.
Fourth, while previous studies mainly conceptualized
information quality as either an inherent property of the
information itself or users’ mental constructs [13], we
extended information quality based on an established
theory (Grice’s maxims of Cooperative Principle) and
thereby guided online physicians.

The rest of this paper is organized as follows: We first
review the related theories and studies, then present the
hypotheses and research model, followed by the pre-
sentation of data and results, and finally, we discuss and
conclude.

Literature review

Prior research on OHCS

The rapid development of OHCS has received increas-
ing attention in information systems (IS) research. Some
studies have focused on patients’ behaviors in OHCS in
areas such as patient adoption and use patterns, patient
evaluations and decisions [14, 15], patient satisfaction,
and continued use [16], physician behaviors in OHCS in
areas such as motivation, engagement, and returns [15,
17, 18]. Other studies have focused on the interactions
and relationships between physicians and patients.

The interactions and relationships between physi-
cians and patients have attracted increasing attention
from researchers. Firstly, the social exchange behaviors
of patients can influence the service quality and social
support provided by physicians. The price of gifts posi-
tively affects the quality of physicians’ services, while the
service price charged by physicians and the total num-
ber of gifts have negative moderating effects [19]. Fur-
thermore, small monetary gifts can elicit more timely
responses and emotional support from physicians but
may adversely affect patients who do not offer gifts [20].
Paid feedback significantly impacts physicians’ contribu-
tion to the telemedicine market more than free feedback
[21]. Secondly, online physicians’ behaviors influence
patients’ evaluations and decisions. Physicians’ prosocial
behavior improves a patient’s choice when the strength
of a physician’s prosocial behavior is below the tipping
point [22]. Both emotional and informational interac-
tion of physicians positively impact the adoption of their
answers, with emotional interaction exhibiting a more
significant influence [23]. The social support behaviors
of physicians significantly influence patients’ continu-
ous consultation behaviors, and patients’ offline experi-
ences play a moderating role in this relationship [24].
Thirdly, online physician-patient interaction positively
affected physician-patient relationships and patient
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compliance. Patient and physician participation signifi-
cantly improved patient well-being and patient-physician
relationships [25]. Online physician-patient communica-
tion positively affected patient compliance through the
mediating effect of the perceived quality of online health
information, decision-making preference, and physician-
patient concordance [26].

Meanwhile, a few scholars have also explored the rela-
tionship between physicians’ online and offline services.
Physicians’ participation in online medical consultations
can increase offline service demand [6, 27, 28], offline
patient satisfaction, and loyalty [6]. Conversely, offline
activities may reduce physicians’ online services but
increase their online article sharing and the volume of
services provided through offline channels [28]. Physi-
cians’ participation in the additional online channel sig-
nificantly improves a physician’s hospital performance
[6].

Therefore, online physician-patient interactions can
enhance physician-patient relationships, improve service
quality, and promote offline visits. However, the current
literature does not address what kind of persuasive con-
tent would enhance patients’ intention to visit offline. No
study has considered explicitly whether patients require
an offline visit based on the physician’s perspective. The
decision to visit offline is more critical when such a visit
is urgently needed. The messages provided by online phy-
sicians may be key to patients’ offline visit behaviors. Our
study intends to guide physicians from a communica-
tion perspective about persuading patients to go offline
visits—namely, to communicate with patients via appro-
priate content successfully. Meanwhile, it is necessary to
study how patients’ information processing of physicians’
messages and peripheral cues affect offline visit intention.

Elaboration likelihood model

ELM was developed by Petty and Cacioppo [8, 9]. It is a
psychological theory that addresses the process of per-
suasion [8] and information influence [29]. The model
was initially applied in the field of “persuasion” and “per-
suasive communication” [30]; however, in the past ten
years, it has been widely adopted in different areas such
as Marketing [31, 32], information systems [33] and
online review [34, 35].

ELM is a “dual-process” theory that posits two routes
through which persuasion takes place: a central route
and a peripheral route [36]. These two routes differ in the
amount of thoughtful information processing or “elabo-
ration” by recipients [8, 9, 37]. The central route requires
a person to systematically process the issue-related argu-
ments in an informational message and scrutinize the
relevance and merits of the arguments before making an
informed judgment about the target behavior [37-39].
By contrast, the peripheral route requires less cognitive
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effort than the central route. It often relies on the heu-
ristic clues associated with the information without any
particularly deep thought [37].

According to ELM, information recipients can vary
widely in their ability and motivation to process infor-
mation and take different routes. With more motivation,
knowledge, and cognitive ability, recipients engage in the
central route, and the quality of the arguments will deter-
mine the degree of information influence [9, 29]. When
recipients have less ability or motivation to elaborate on
the arguments presented in the message, they take the
peripheral route, and peripheral cues play a more critical
role in the influence process. Peripheral cues are infor-
mation indicators other than the content people use to
assess content [29].

Argument quality has been identified as an essential
construct in the central route [8, 29, 37]. However, its
conceptualization and operationalization remain incon-
sistent among researchers [40]. Initially, argument qual-
ity referred to the persuasiveness of the argument [9].
Following this definition, argument quality was defined
as the persuasive strength of arguments embedded in an
informational message [37]. The persuasive strength of
arguments was manipulated from high to low in labo-
ratory settings. However, what constitutes a persuasive
argument has not been explicitly indicated [41], and how
to improve the persuasive strength of arguments also
remains unknown. Cheung et al. (2009) [42] replaced
argument quality with argument strength to highlight the
extent to which the message receiver views an argument
as convincing or valid in supporting its position.

More recently, researchers have increasingly opera-
tionalized argument quality to capture the information
quality of messages [42]. Specifically, Ferran and Watts
(2008) measured argument quality by examining whether
the received message is complete, consistent, accurate,
or adequate. Meanwhile, Sussman and Siegal (2003) [29]
used completeness, consistency, and accuracy as the
dimensions of argument quality. Cheung et al. (2008) [42]
used four information quality dimensions to measure
argument quality: relevance, timeliness, accuracy, and
comprehensiveness. In the context of OHCS, patients
are influenced by persuasive messages and the disease-
related information a physician communicates. Hence,
we considered information quality to be the central route
factor of patient information processing based on ELM.

In OHCS, the ELM offers a framework for physicians
to persuade patients to seek offline visits. The ELM pro-
vides valuable insights that physicians use to persuade
patients to visit offline, explaining how patients process
physicians’ suggestions through the central and periph-
eral routes. Regarding the central route, patients ana-
lyze and evaluate the physician’s information, relying on
logic and evidence to form their opinions and decisions.
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Patients are more likely to accept the physician’s advice
through the central route if the physician can give suf-
ficient medical evidence and reasonable explanations.
Regarding the peripheral route, patients can quickly
make decisions through the peripheral cues, such as the
physician’s reputation, without the need to deeply ana-
lyze all the information.

There is a potentially infinite number of peripheral cues
in the interpersonal communication context [29]. We
need to identify the critical peripheral cues in our context.
First, consumers make offline purchase decisions based on
online information and e-WOM [43]. Second, the expertise
of the message sender is a common peripheral cue in ear-
lier studies [44]. Therefore, we mainly considered e-WOM
and expertise cues by physicians as the peripheral cues that
influence the offline visit decisions of online patients.

Grice’s maxims of the cooperative principle

The Cooperative Principle, proposed by linguist H.P.
Grice in 1975, constitutes a theoretical framework con-
cerning effective communication. The cooperative Prin-
ciple primarily encompasses four maxims: the maxim of
quantity, the maxim of quality, the maxim of relation, and
the maxim of manner, which aim to guide individuals on
how to provide information for effective dialogue [10,
11]. The maxim of quantity emphasizes the appropriate
provision of information, the maxim of quality focuses on
the truthfulness of the information, the maxim of relation
demands relevance, and the maxim of manner highlights
the clarity and conciseness of expression [45].

In recent years, Grice’s maxims of the Cooperative
Principle have been widely applied and studied across
various fields. Researchers have explored the applicabil-
ity of these maxims in different cultural contexts [46]. For
instance, some cultures may lean more towards adher-
ing to the maxim of quality, while others might empha-
size the maxim of relation, sparking new discussions in
cross-cultural communication [47]. In education, apply-
ing Grice’s maxims to teaching has been shown to help
students enhance their communication and critical
thinking abilities [48]. In artificial intelligence and natu-
ral language processing, Grice’s maxims are utilized to
improve the understanding capabilities and effectiveness
of dialogue systems [49, 50].

Grice’s maxims address human communication in gen-
eral, and Grice’s work established the foundation of the
inferential model in human communication. Relevant

Table 1 The number of threads and posts after the screening
and matching process

Number of Number of Number Number of Total

physicians patients/ of patient  physician  posts
threads posts posts

3,870 16,738 143,155 134,890 278,045
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research indicates that Grice’s maxims are not only appli-
cable to face-to-face communication but also to online
communication [51]. The study empirically demonstrates
that rewriting Wikipedia articles using Grice’s maxims
can improve the information quality of the articles [52].
The experiment showed that in online conversations, vio-
lations of the maxim of relation significantly impacted
response times and the perceived humanness of a con-
versation partner [53].

Therefore, Grice’s maxims can also be applied to the
context of physicians’ persuasion in patient-physician
communications in OHCS. In OHCS, patients and phy-
sicians communicate through messages; thus, they must
follow these guidelines to communicate effectively and
successfully. Prior research has shown that compliance
with Grice’s maxims can help online articles fit users’
needs, improve quality, and provide more relevance for
users [52]. Thus, we used the extent to which physicians’
messages complied with Grice’s maxims to describe phy-
sicians’ information quality.

Research model and hypotheses

Our study integrates the ELM with Grice’s maxims to
investigate how online physicians persuade patients to
visit offline. The ELM provides a framework for physi-
cians to use in this process, and Grice’s maxims describe
the information quality of physicians’ persuasive content.

As an essential factor of the central route, the argument
quality of content still requires further clarification based
on the research context. In OHCS, the ELM does not
provide sufficient theoretical guidance regarding the con-
tent of communication between physicians and patients,
that is, the content of the physician’s persuasion and
the patient’s understanding of the persuasive content.
We need to supplement the ELM with other theories to
enrich our understanding of the argument quality.

As mentioned above, this study used information
quality to replace argument quality. Although previous
empirical studies have provided a more comprehensive
perspective on the dimensions or attributes of informa-
tion quality, they still have some limitations. First, the
number of dimensions is vast. Some studies have captured
15 dimensions of information quality [54], while Mai
(2013) [13] reviewed 22 attributes of information quality.
It is impractical to measure all of these attributes. Second,
different researchers use different terms to refer to the
same dimensions (e.g., accuracy/reliability, utility/useful-
ness), and the factors have overlapping meanings (e.g.,
novelty/recentness) [12], which may confuse. Third, the
dimensions and overall evaluations of information qual-
ity are treated at the same level. Variables such as useful-
ness, informativeness, and helpfulness should be treated
as overall evaluations, and variables such as novelty and
understandability should be treated as dimensions.
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Table 2 Variables and description
Variable Variable name Measurement Description Abbre-
type viation
Dependent  Offline visit The number of sentences  We manually labeled the sentences of patients’ posts. Then, we used the  Inten-
variable intention containing the offline visit  labeled data and machine learning method to get the classifier. And used  tion
intention the classifier to predict the patient’s offline visit intention from sentences.
Inde- Amount of The logarithm of the quan- Content words: the adjectives, nouns, numerals, quantifiers, pronouns, and ~ Content
pendent information. tity of content words. verbs. [70]
variables The logarithm of the quan- The unique words in the physician’s posts of the thread (Robust test) Unique
tity of unique words
Reliability Objective sentences ratio  Ratio of the number of objective sentences to the total number of sen- Reli-
tences in replies. [68] [74] ability
Relevance Topics relevance between  LDA (an unsupervised machine learning algorithm, Appendix D) classified  Rele-
the posts of the patient and predicted the topics and probabilities of physician-patient posts, vance
and the physician respectively, and calculated the topics'relevance.
Understandability ~ Average sentence seg- The average sentence segment length is calculated by dividing the num-  Length
ments length. ber of words by the number of semicolons, commas, periods, question
marks and exclamation marks,
Volume of positive  The heat index of the The heat is calculated based on the number of patients recommended in ~ Heat
e-WOM physician the past two years and converted into a decimal value of 1 to 5
Thank-you letters Number of thank-you letters received by physicians (Robust test) letters
Expertise cue The logarithm of clinic Chief physician 2,associate physician 1,0ther 0 Title
titles of physician
Hospital reputation  Whether the hospitalisa I the hospital is top-tier Grade A then 1, else 0. Hospi-
top-tier Grade A tal
Moderator  Involvement The number of patient’s Calculate the number of patient topics after predicting the patient topics ~ Topics
variable topics and probabilities by LDA (Appendix D),
Control Disease risk Whether the disease riskis  According to the mortality rate of the disease Risk
variable high, dummy variable. , the diseases are classified into high-risk disease or low-risk disease cat-
egories, and all malignant tumors are classified as high risk.
Response rate Response rate The ratio of the number of physician’s posts to that of patientin a thread.  Re-
sponse
Treat experience Treat experience Extract from the patient’s posts whether the patient has visited the other ~ Before
physician offline before.
Duration of illness  The logarithm of duration  The duration was extract from the posts, 1 means less than a week, 2 Dura-
of illness means less than a month, 3 means less than six months, 4 means more tion
than six months
Tel service The telephone service Whether the physician provides telephone service. If provided,1, else 0. Tel
Transfer services The transfer service Whether the physician provides the transfer service. If provided, 1, else 0. Transfer
Page view Page view The physician’s page’s view times View
Price The logarithm of web Patients need to pay a fee to use the physician’s online counseling service  Price
consulting price.
City scale The logarithm of the city ~ The scale of the city where the physician works, based on“2018 China city ~ City

scale

business charm list”

Using established theories to explore information
quality dimensions can effectively overcome the above-
mentioned limitations. Further, theory-based hypoth-
esis construction and testing can offer several advantages
[55]. First, established theories have been tested in many
different contexts, have been shown to have good gen-
eralizability, and can be used in various research situa-
tions, including ours. Second, established theories have
identified the most critical constructs, and the constructs
are well-defined, thus reducing ambiguity and meaning
overlap. Finally, because established theories postulate
relationships among key constructs, they provide a foun-
dation for proposing new hypotheses.

Grice’s maxims can be the established theories to
explore information quality dimensions. Grice’s maxims
offer a set of standards for assessing and guiding com-
municative behavior, which are directly related to the
quality and effectiveness of information. By adhering to
these maxims, we can ensure that information is opti-
mized in terms of quantity, quality, relation, and man-
ner of expression, thereby enhancing the overall quality
of information. However, these maxims primarily guide
communication content and do not fully account for
other contextual factors, such as peripheral cues in our
context. Therefore, integrating the ELM with Grice’s
maxims allows for a more comprehensive reflection of
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Table 3 The descriptive statistics of variables (15,842)

Variable Mean Std.Dev. Min Max
Intention 0.682 1571 0 25
Content 4,194 1.174 0.693 9.120
Unique 4083 0.951 0.693 7737
Length 5.692 2.580 1 84
Reliability 0.356 0.249 0 1
Relevance 0.120 0.0924 0 0.732
Hospital 0916 0.277 0 1
Title 0.736 0415 0 1.099
Heat 4.253 0405 0 5
Letters 3459 1.487 0 6.757
Topics 4.804 1.564 1 1
Response 1.695 3.684 0.0909 74
Risk 0.235 0.424 0 1
Before 0.656 0475 0 1
Duration 1.329 0318 0.693 1.609
City 1516 0426 0.693 1.946
View 1348 1957 4234 17.76
Tel 0.871 0.335 0 1
Transfer 0372 0483 0 1
Price 3.903 0.908 1.946 6.908

the impacts along both routes: on the one hand, periph-
eral cues in the ELM model can influence decisions
through the peripheral route; on the other hand, the
adherence to Grice’s maxims in the physician’s persuasive
content enhances the information quality, which subtly
influences patients to seek offline visit. This combination
captures the complexity of the physician’s holistic per-
suasion to visit offline. It deepens our understanding of
information quality’s role in a physician’s ability to per-
suade patients to visit offline.

Therefore, ELM and Grice’s maxims can complement
each other in depicting patient information processing.
We use ELM to understand physicians’ persuasive behav-
ior towards patients and use information quality to oper-
ationalize argument quality. We propose using Grice’s
maxims as a theoretical foundation to explore informa-
tion quality dimensions.

Information quality: compliance with Grice’s maxims
In OHCS, physicians compose replies to patients’ ques-
tions to address their disease-related issues. Thus, we
adopted a pragmatic perspective on information quality
following Zhang and Watts (2008) [41] and Y. Xu and Z.
Chen (2006) [12]. From this perspective, messages per-
tinent to solving the problem should be of high quality.
If the physician’s message directly resolves the patient’s
issue, the quality is high; otherwise, it is low. Specifically,
we define information quality as the extent to which a
physician’s response solves the patient’s issue.

To form the hypotheses, we first addressed the effects
of the central route on patients’ decisions. As noted
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earlier, the information quality of physicians’ replies was
taken as the central route. Physicians’ replies are specific
to patients, focusing on patients’ diseases or concerns.
Other physician cues (e.g., e-WOM, clinical title) are the
same for all patients. Information related to the patient’s
condition and the physician’s offline visit advice is con-
tained in the replies. Thus, the information quality of a
reply is a critical factor in helping a patient understand
and adopt the physician’s opinion. Studies have shown
that information quality positively affects knowledge
adoption [38, 41].

Grice’s maxims can help make information fit users’
needs and improve information quality [52]. As men-
tioned before, to effectively share information (with bet-
ter information quality) and help receivers understand
their conditions and make decisions, the information
provider should obey the maxims of quantity, quality, rel-
evance, and manner. This study used the degree to which
a physician adhered to these maxims to measure infor-
mation quality.

The maxim of quantity calls for messages to be infor-
mative but not more so than is required [11, 56]. When
the amount of information is insufficient, the greater
the quantity, the more likely it is to meet the receiver’s
needs. Beyond that, too much information could lead
to information overload [57]. We used the amount of
information rather than quantity because it is more com-
monly found in the information quality literature. In our
context, however, physicians’ messages to patients are
saved and can be processed by patients anytime. Limited
messages might not cause information overload. Mean-
while, with their rich professional knowledge, physicians
can meet patients’ current perceived information needs
and their potential needs with more information. Previ-
ous studies have shown that the amount of information
affects perceived usefulness by the receiver [58], and per-
ceived usefulness is an essential antecedent variable of
adoption behavior. Therefore, patients may prefer that
physicians provide as much information as possible. Phy-
sicians who provide more information are perceived as
more concerned about patients’ conditions and can bet-
ter meet patients’ information needs, making patients
more likely to visit offline. Thus, we propose Hla:

Hla: The amount of information in replies positively
affects offline visit intention.

The maxim of quality requires the communicator only to
say what they believe to be true and to be supported by
evidence [11, 12]. Following [12, 59], we used the term
“reliability” instead of “quality” to distinguish between
information quality. Here, reliability (content reliabil-
ity) is different from source reliability; source reliability
is the source’s credibility, which can be regarded as an
external cue. However, content reliability is determined
by the content itself. Reliability is the degree to which
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physicians’ replies are perceived as true, accurate, or
believable [12]. Therefore, we hypothesize the following:
H1b: The reliability of replies positively affects a patient’s
intention to make an offline visit.

The maxim of relation requires providing only rele-
vant information [11, 56]. In this study, our concern was
whether the replies focused on the discussed topic or
were disease-related. We used topical relevance to obtain
a more definite meaning. We defined relevance as the
extent to which patients perceive replies related to their
current topic of interest [12]. When a physician’s replies
concern the patient’s topic of interest and are directly
related to the patient’s questions, the patient will perceive
them as more helpful and more likely to accept the rec-
ommendation for an offline visit. Thus, Hlc is proposed:
Hlc: The relevance of replies positively affects a patient’s
offline visit intention.

Finally, the maxim of manner requires communica-
tors to avoid obscurity and ambiguity and to be brief
and orderly [11]; it is therefore related to comprehensi-
bility [56]. We call this “understandability” in the con-
text of physicians’ messages. Understandability refers
to the degree of ease with which the physician’s replies
can be understood by patients [60]. Patients receiving
more understandable messages are more likely to under-
stand the need for an offline visit. Thus, we propose the
following:

H1d: The understandability of replies positively affects a
patient’s offline visit intention.

Peripheral cues

Peripheral cues pertain to meta-information about a
message (e.g., the message source) not embedded in the
argument [37]. Previous studies, taking e-WOM as a
peripheral cue, have explored the influence of peripheral
cues on consumers’ attitudes toward products and their
willingness to purchase [14, 42]. E-WOM refers to posi-
tive or negative statements shared by Internet consumers
regarding a product, service, brand, or company. Con-
sumers’ online behaviors are deeply affected by e-WOM
as they rely heavily on online product reviews to make
purchase decisions [61].

Volume (number of reviews) and valence (review rat-
ings) are the typical components of e-WOM [62]. This
study chose the volume of positive reviews as a periph-
eral cue since it reflects both quantity and evaluation
direction. Patients can use such reviews to find out which
physicians are most recommended. Meanwhile, medi-
cal service is a type of credence goods. Credence goods
have high product intangibility, and service quality is
difficult to ascertain objectively, even after consumption
[63]. Thus, patients tend to be affected by the evaluations
of other patients. A higher volume of positive e-WOM
means more patients are satisfied with a physician, and
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that physician is more likely to provide high service qual-
ity. Thus, patients are more likely to visit a physician with
a higher volume of positive e-WOM offline. Therefore,
we hypothesize the following:

H2a: The volume of positive e-WOM positively affects a
patient’s visit intention.

The source credibility of information is considered
another important peripheral cue [38, 42]. Source cred-
ibility refers to a recipient’s perception of a message
source’s credibility, reflecting nothing about the mes-
sage itself [29]. A message from a person who has high
expertise or is associated with a reputable organization
is perceived as more credible [64] and useful [42]. Previ-
ous studies have shown that the perceived usefulness of
a message directly affects the receiver’s adoption of the
message [29]. Thus, other things being equal, patients
are more likely to be persuaded by messages from a phy-
sician with a higher expertise cue (clinical title) or from
a high-reputation hospital. Therefore, H2b and H2c are
proposed:

H2b: The expertise cue of a physician has a positive effect
on a patient’s visit intention.

H2c: A physician’s hospital’s reputation positively affects
a patient’s visit intention.

Moderating effect of involvement

In ELM, the effects of central route factors and peripheral
cues are moderated by individuals’ motivation and exper-
tise regarding elaborating on informational messages [9,
37]. This study mainly focused on the online patient’s
motivation and did not consider expertise. Since medical
expertise is specialized, and there may be no significant
differences in expertise between patients, we only consid-
ered patient motivation.

Motivation can be operationalized as involvement
[29, 36]. Involvement has been defined as the extent to
which recipients perceive the issue as personally impor-
tant or relevant [9, 36, 65]. A high level of involvement
tends to motivate increased elaboration on a message [9,
29]. A high level of user involvement increases the cog-
nitive effort to understand the replies, increasing reli-
ance on central route processing. Thus, the following are
proposed:

H3a: The effect of the amount of information on a
patient’s offline visit intention is stronger when patient
involvement is high.

H3b: The effect of reliability on a patient’s offline visit
intention is stronger when patient involvement is high.
H3c: The effect of relevance on a patient’s offline visit
intention is stronger when patient involvement is high.
H3d: The effect of understandability on a patient’s offline
visit intention is stronger when patient involvement is

high.
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Table 5 Regression results for visit intention

Intention Model 1 Model 2 Model 3
Content 0.200%** 0.102%**
(0.013) (0.012)
Reliability 0.118%** 0.288***
(0.038) (0.046)
Relevance 1.789%** 2.450%**
(0.133) (0.165)
Length -0.0264%** -0.0223%**
(0.004) (0.005)
Heat 0.186*** 0.142%%*
(0.040) (0.037)
Title 0.200%** 0.149%**
(0.031) (0.030)
Hospital 0.114%** 0.112%*
(0.036) (0.045)
Topics 0.285%**
(0.009)
Content x Topics 0.0434%**
(0.009)
Reliability x Topics 0.160***
(0.033)
Relevance x Topics 1.217%x*
0.111)
Length x Topics -00139**
(0.004)
Heat X Topics 0.0759%**
(0.023)
Title x Topics 0.0999***
(0.022)
Hospital x Topics 0.0918***
(0.031)
Response -0.0408*** -0.0499%** -0.0226%**
(0.003) (0.004) (0.002)
Risk 0.034 0.006 -0.0651%*
(0.032) (0.032) (0.031)
Before 0.137%** 0.0666*** 0.008
(0.025) (0.025) (0.024)
Duration 0.236%** 0.234%** 0.145%**
(0.034) (0.035) (0.033)
City 0.035 0.032 -0.001
(0.030) (0.031) (0.029)
View 0.010 -0.0249%** -0.0225%%*
(0.007) (0.007) (0.007)
Tel -0.326*** -0.338*** -0.241%%
(0.041) (0.042) (0.040)
Transfer 0.162%** 0.120%** 0.0677**
(0.028) (0.030) (0.029)
Price 0.238*** 0.169%** 0.105%*%
(0.015) (0.016) (0.015)
Constant 0.682%** 0.688*** 0.643%**
(0.012) (0.012) 0.011)
Observations 15,842 15,524 15,524
R-squared 0.05 0.086 0177

Note: (1) * P<0.1,**P < 0.05, ***P < 0.01;(2) Robust standard errors in parentheses;
(3) Variables are centralized
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Peripheral cues can influence a patient’s intention to
make an offline visit. However, different effects are likely
to be a function of the degree of the patient’s involve-
ment in OHCS. Recipients with lower involvement are
not motivated to cognitively process a message in detail;
rather, they are more likely to rely on peripheral cues [29,
66]. When a patient has low involvement, they may have
no motivation to process the physician’s replies; how-
ever, they can infer the usefulness of the replies from the
physician’s e-WOM, expertise cue (title), and hospital
reputation. Generally, the influence of peripheral cues is
expected to be stronger when the patient’s involvement
is at a lower level. The following are therefore proposed:
H4a: The effect of the volume of positive e-WOM on a
patient’s visit intention is stronger when patient involve-
ment is low.

H4b: The effect of a physician’s expertise cues on a
patient’s visit intention is stronger when patient involve-
ment is low.

H4c: The effect of hospital reputation on a patient’s visit
intention is stronger when patient involvement is low.

Figure 1 depicts the research model.

Methods

Research context

We chose Good Doctor Online (www.haodf.coma large,
popular online health community in China—to test the
hypotheses. Founded in 2006, Good Doctor Online is an
online physician-patient interaction platform. Over 5,000
hospitals and 400,000 physicians are listed on the plat-
form, and more than 110,000 physicians provide online
consultation services there. Patients can browse physi-
cians’ homepages and consult them.

We chose that website because it has rich information,
including physician-patient interaction posts (messages
between physicians and patients), the heat of patient
recommendations for a physician, a physician’s title, the
physician’s hospital, and the physician’s department. Such
information made the website suitable for collecting data
to test the hypotheses.

Data and variables

Data were collected from www.haodf.com using a
Python-based program. Figure 2 shows the data collec-
tion and integration flow. Data were collected at two dif-
ferent periods: the end of December 2017 and the end of
March 2018. Our data analysis is explained as follows:

(1) We selected 350 physicians at random for each
disease, resulting in a total of 13,522 physicians. At the
end of December 2017, we collected the clinical title, the
heat index of the physician, city, physician page views,
telephone service, transfer service, and service price for
these physicians. Due to technical issues such as inter-
net speed, we obtained information on 12,296 physicians
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Fig. 3 Moderating effects of involvement on intention

from 342 cities across China, with 10,404 affiliated with
top-tier Grade A hospitals.

(2) We collected physician-patient interaction threads
in which patients consulted with the selected physicians
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for the first time in January 2018. We only considered
patients who needed an offline visit, determined based
on physicians’ posts. The coding and machine learn-
ing processes are shown in Appendix A, Figure Al. One
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Table 6 Hypotheses testing results

Hypotheses Results
H1a: The amount of information in replies positively affects Sup-
offline visit intention. ported

H1b: The reliability of replies positively affects a patient’s offline  Sup-

visit intention. ported
H1c: The relevance of replies positively affects a patient’s of- Sup-
fline visit intention. ported
H1d: The understandability of replies positively affects a Sup-
patient’s offline visit intention. ported
H2a: The volume of positive e-WOM positively affects a pa- Sup-
tient’s visit intention. ported
H2b: The expertise cue of a physician has a positive effectona  Sup-
patient’s visit intention. ported
H2c: A physician’s hospital’s reputation positively affects a Sup-
patient’s visit intention. ported
H3a: The effect of the amount of information on a patient’s Sup-
offline visit intention is stronger when patient involvementis  ported
high.

H3b: The effect of reliability on a patient’s offline visit intention  Sup-

is stronger when patient involvement is high. ported
H3c: The effect of relevance on a patient’s offline visit intention  Sup-

is stronger when patient involvement is high. ported
H3d: The effect of understandability on a patient’s offline visit ~ Sup-
intention is stronger when patient involvement is high. ported

H4a: The effect of the volume of positive e-WOM on a patient’s Not

visit intention is stronger when patient involvement is low. Sup-
ported

H4b: The effect of a physician’s expertise cues on a patient’s Not

visit intention is stronger when patient involvement is low. Sup-
ported

H4c: The effect of hospital reputation on a patient’s visit inten-  Not
tion is stronger when patient involvement is low. Sup-
ported

thousand physicians’ posts were randomly selected, and
after dividing the posts into sentences, the necessity of
offline visits for each sentence was manually labeled by
two researchers. Two researchers manually labeled each
sentence of the posts, which were randomly selected,
as need offline visit (1) and do not need or do not show
offline visit (0). Intercoder reliability was 0.967; as a rule
of thumb, a value of 0.90 or greater is considered accept-
able [67]. The examples of encoding for the necessity of
offline visits can be found in Appendix A Table Al. We
selected four classification machine learning algorithms,
and based on the cross-validation accuracy scores (see
Appendix A Table A2), we chose the Support Vector
Machine (SVM) algorithm. In this study, the algorithm’s
accuracy in predicting physician recommendations is
0.904, and the AUC is 0.886, indicating that the classi-
fier performs well. Then, we used the labeled data and
machine learning to obtain the classifiers and predict
the offline suggestions of the physicians (offline visit or
not). As long as one sentence was predicted to be a nec-
essary offline visit, the patient was considered to require
an offline visit. Table 1 lists the data for the posts and

(2025) 25:112
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the patients who needed an offline visit. The dataset
encompasses 3,870 physicians from 217 cities, with 1,371
practicing in first-tier and new first-tier cities and 3,534
affiliated with top-tier Grade A hospitals.

(3) Our analysis unit was the thread between physician
and patient. Physician information was obtained from
the home page, and information quality and patient-
related information were obtained from the posts in the
thread. Some variables (amount of information, reliabil-
ity, relevance, understandability, patient involvement)
were obtained through text analysis. The patients’ inten-
tion to visit offline was predicted using machine learning
methods (shown in Appendix B).

The dependent variable was the patient’s intention
to make an offline visit. The coding and machine learn-
ing processes are shown in Appendix B Figure B1. One
thousand patient posts were randomly selected, and
after dividing the posts into sentences, the offline visit
intention of each sentence was manually labeled by two
researchers. Two researchers manually labeled each sen-
tence of the posts as having offline visit intention (1) and
not having or not showing offline visit intention (0). This
was obtained as follows: The two researchers marked
the offline visit intentions of the sentences separately;
“1” meant the patient had intention, whereas “0” meant
the patient did not show intention. Intercoder reliability
was 0.936; 0.90 or greater is considered acceptable [67].
The researchers discussed sentences with different labels
and decided on a label. The examples of encoding for
patients’ intention to visit offline can be found in Appen-
dix B Table B1. After all sentences were labeled, we used
machine learning to generate a classification model based
on the labels, and this classification model was applied
to predict offline visit intention in patients’ posts. We
selected four classification machine learning algorithms,
and based on the cross-validation accuracy scores (see
Appendix B Table B2), we chose the Support Vector
Machine (SVM) algorithm. In this study, the algorithm’s
accuracy in predicting patients’ offline visit intention was
0.899, and the AUC was 0.884, indicating that the clas-
sifier performed well. We used the number of sentences
containing offline visit intention as the measurement.

The independent variables were the amount of infor-
mation, reliability, relevance, and understandability of a
physician’s replies, and the physician’s volume of positive
e-WOM, clinical title, and hospital reputation. Patient
involvement was the moderating variable. The measure-
ments are described below.

Physicians need to follow Grice’s maxims to commu-
nicate information to patients better. We measured the
amount of information, reliability, relevance, and under-
standability of physicians’ patient replies. Before obtain-
ing these variables, natural language processing (NLP)
was used to process physicians’ replies. The tokenization



Cao et al. BMC Medical Informatics and Decision Making

Table 7 Regression results for visit intention (robustness check)

(2025) 25:112

Intention Model 1 Model 4 Model 5
Unique 0.239*** 0.116%**
(0.015) (0.014)
Reliability 0.139*** 0.307%**
(0.038) (0.045)
Relevance 1.709%** 2.382%**
(0.131) (0.164)
Length -0.0261%%* -0.0222%%%
(0.004) (0.005)
Letters 0.0985*** 0.0916***
(0.012) (0.012)
Title 0.210%** 0.162%**
(0.030) (0.030)
Hospital 0.114%** 0.103**
(0.035) (0.044)
Topics 0.2871%**
(0.009)
Unique XTopics 0.0671%**
0.011)
Reliability xTopics 0.167***
(0.033)
Relevance xTopics 1.178***
(0.110)
Length XTopics -00133**
(0.004)
Letters xTopics 0.0196***
(0.007)
Title xTopics 0.100%**
(0.022)
Hospital xTopics 0.0965%**
(0.031)
Response -0.0408*** -0.0457%** -0.0211%%*
(0.003) (0.004) (0.002)
Risk 0.0336 0.00271 -0.0686**
(0.032) (0.032) (0.031)
Before 0.137%** 0.0615** 0.00529
(0.025) (0.025) (0.024)
Duration 0.236*** 0.243%** 0.155%**
(0.034) (0.035) (0.033)
City 0.0354 0.0181 -0.0163
(0.030) (0.031) (0.029)
View 0.00979 -0.0564*** -0.0538***
(0.007) (0.009) (0.008)
Tel -0.326%** -0.327%%* -0.230%**
(0.041) (0.042) (0.040)
Transfer 0.162%** 0.106*** 0.0459
(0.028) (0.030) (0.028)
Price 0.238%** 0.152%** 0.0897***
(0.015) (0.016) (0.015)
Constant 0.682%** 0.687*** 0.639%**
(0.012) (0.012) 0.011)
Observations 15,842 15,524 15,524
R-squared 0.05 0.088 0.178

Note: (1) * P<0.1, **P<0.05, ***P<0.01; (2) All variables are centralized. (3)
Robust standard errors in parentheses
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of raw text is a standard preprocessing step for many
NLP tasks. In English, tokenization usually involves
punctuation splitting and separating some affixes, such
as possessives. However, Chinese is written without
spaces between words. Therefore, Chinese tokenization
requires more extensive token preprocessing, usually
called tokenization [68]. We used PKUSEG [69] to split
the Chinese text into a sequence of words. PKUSEG is
a multidomain Chinese word segmentation toolkit, and
we applied the medicine domain model to segment the
words. Appendix C shows examples of word segmenta-
tion results after applying PKUSEG.

We used the logarithmic number of content words to
measure the amount of information. Content words con-
tain adjectives, nouns, numerals, quantifiers, pronouns,
and verbs [70]. These words convey the content of the
communication [71]. Therefore, this is a good proxy
for measuring the amount of information in replies.
PKUSEG can provide the part of speech of each word
while segmenting, and we wrote a Python program to
calculate the number of content words in the replies.

We used the ratio of objective sentences to measure
reliability. Objective sentences are considered to deal
with facts and are not distorted by personal feelings, prej-
udices, or interpretations [73]. Objective sentences are
more likely to be perceived as true, accurate, or believ-
able. Following previous studies [68, 74], we judged a sen-
tence to be subjective or objective based on the model of
the lexical combination of continuous two-word parts of
speech.

Relevance is the extent to which replies offer relevant
information in response to patients’ questions. Based on
the idea of problem and reply category consistency [74],
we used the topics and probabilities of physician and
patient posts to obtain the topic correlation rate to mea-
sure relevance, as shown in Eq. (1). The topics and prob-
abilities of physician-patient posts were classified and
predicted by LDA [75] (an unsupervised machine learn-
ing algorithm). Appendix D shows the topic classification
process for posts by physicians and patients via LDA:

T
Rpa=_ PpiPu; (1)
=1

We have renumbered the Equation in order to maintain
sequential order of Equation citations within text. Please
check.Thank you for your attention to detail. We have
checked and confirmed that the equations have been
renumbered correctly to maintain the sequential order of
equation citations within the text.
where R, represents the relevance of the posts between
the physician and the patient, T represents the total num-
ber of topics in physician and patient posts, i represents
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the ith topic, Ppi represents the probability of a patient’s
post belonging to the ith topic, and P, represents the
probability of a physician’s post belonging to the ith
topic. Appendix E provides detailed examples of physi-
cian-patient communication. In Table E1, the physician’s
responses are highly relevant to the patient’s responses,
such as when the patient describes their symptoms,
the physician asks for more detailed information about
the symptoms; when the patient asks if a runny nose is
related to a cold, the physician replies that a runny nose
caused by a cold usually lasts three to five days. If it lasts
more than a week, it might be due to a nasal allergy
caused by the cold virus. In Table E2, the physician does
not address the patient’s questions and instead directly
advises the patient to call for a consultation, resulting
in low relevance. In Table E3, the physician’s responses
are low in relevance to the patient’s questions. After the
patient describes their symptoms, the physician does not
ask for more details and proceeds directly to diagnosis.

Understandability, which refers to clarity and conci-
sion, has been conceptualized regarding the average sen-
tence length of words [56]. Unlike English sentences, as
many as 75% of Chinese sentences are composed of more
than two segments, separated by segment separators
(commas and semicolons); these punctuation marks can
make natural language statements quite clear and precise
[76]. Considering Chinese characteristics, we used aver-
age sentence segment length to measure understandabil-
ity. The average sentence segment length was calculated
by dividing the number of words by the number of sen-
tence terminators and segment separators. The shorter
the average sentence segment length, the better the
reader could understand.

Peripheral cues include the volume of positive e-WOM,
expertise cues, and hospital reputation. We used the heat
of patient recommendations for physicians as a proxy
for the volume of positive e-WOM. This was calculated
based on the number of patient recommendations in the
past two years and converted into a decimal value of 1-5
for patients to view and compare.

The expertise cue was operationalized by the physi-
cian’s clinical title. The clinical title refers to a physician’s
medical professional status as evaluated by government
health authorities according to the physician’s overall
medical abilities [5]. It includes the titles of chief phy-
sician, associate physician, attending physician, and
physician. However, the number of chief and associate
physicians was much greater than that of other physicians
on the platform, so we combined attending physicians
and lower-level physicians into the “other physicians”
Thus, we obtained three types of physicians: chief physi-
cians (coded as 2), associate physicians (coded as 1), and
other physicians (coded as 0).

(2025) 25:112
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Hospital reputation concerns whether a physician
works at a top-tier Grade A hospital. A dummy variable
was used to represent it.

We hypothesized that patient involvement would mod-
erate the relationships between central route factors,
peripheral cues, and offline visit intention. To measure
involvement, we used the number of patient topics after
predicting patient topics and probabilities using LDA
(Appendix D). The more topics shown in a patient’s posts,
the more involved the patient was in the consultation.

In the model, we also included other variables that
would affect a patient’s visit intention: the scale of the
city in which the hospital was located, the consulting
price, whether the physician provided telephone service,
whether the physician had an open transfer treatment
service, the patient’s disease risk, treatment experience,
and duration of illness. These variables were intended
to control other variables’ effects on patients’ visit inten-
tions. Table 2 lists all variables and their descriptions.

Tables 3 and 4 show the descriptive statistics and corre-
lations of the variables, respectively. As shown in Table 4,
all independent variables were significantly correlated
with the dependent variable (intention) and consistent
with the hypotheses.

Model estimation

The dependent variable was the patient’s visit inten-
tion. We used regression models to model patient offline
visit intention (dependent variable). To model the effect
of central route factors and peripheral cues, Eq. (2) was
used for estimation:

reg(Intention;)

= qag + ayContent; + as Reliability;
+agRelevance; + agLength; (2)
+asHeat; + agTitle;

+arHospital; + Bv; + u;

Let i index the patient. a, is the intercept, and «; to a;,
are the focus parameters to be estimated. y represents the
vector of the control variables, and S represents the coef-
ficient vector of the control variables. #; is the error term
associated with observation.

Equation (3) was used to estimate the moderating
effects of involvement (Topics):

reg(Intention;)

= ag + a;Content; + ag Reliability;

+agRelevance; + ayLength; + asHeat;

+agTitle; + arHospital;

+agContent; x Topics; + agReliability; x Topics;  (3)
+ayoRelevance; x Topics; + a11 Length; x Topics;
+aisHeat; x Topics;

+aysTitle; x Topics; + arsHospital; x Topics;
+ansTopics; + By + u;
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Let i index the patient. & is the intercept, and &, to a, are
the coefficients of the independent variables; ag to a5 are
the coefficients of the interaction items of independent
variables and involvement. y is the vector of the con-
trol variables, and j is the coefficient vector of the con-
trol variables. a, is the intercept, and u, is the error term
associated with observation.

Results

Table 5 presents the model results estimated by regres-
sion. No VIF (variance inflation factor) statistics for
the variables were greater than 1.7, which indicates the
absence of multicollinearity. Model 1 examined the
effects of the control variables; some had significant
effects on offline visit intention. Model 2 examined the
main effects of central route factors and peripheral cues
on offline visit intention.

The central route factor hypotheses (Hla, H1b, Hlc,
H1d) predicted that compliance with Grice’s maxims
(quantity, quality, relation, and manner) would posi-
tively affect offline visit intention. As expected, the coef-
ficient of Content (a 1=0.200, p<0.01), the coefficient
of Reliability (« 2=0.118, p<0.01), and the coefficient of
Relevance (o 3=1.789, p<0.01) in Model 2 were signifi-
cantly positive. Thus, Hla, H1b, and Hlc are supported.
The coefficient of Length (o 4=-0.0264, p <0.01) was sig-
nificantly negative. Since length is an inverse measure-
ment of understandability, understandability significantly
positively affected offline visit intention. Thus, H1d is
supported.

The peripheral cue hypotheses predicted that the vol-
ume of positive e-WOM (H2a), physicians’ expertise cues
(H2b), and hospital reputation (H2c) would positively
affect patients’ offline visit intention. In Model 2, the
coefficient of Heat (& 5=0.186, p <0.01), the coefficient of
Title (@ 6=0.200, p<0.01), and the coefficient of Hospital
(v 7=0.114, p<0.01) were significantly positively associ-
ated with offline visit intention. Thus, H2a, H2b, and H2c
are supported.

Model 3 examined the moderating effects of patient
involvement (Table 5). We could examine the moderating
effects by creating product terms using the moderator
and causal variables. To facilitate the interpretation of the
results, we examined the moderating effect of involve-
ment on the impact of central route factors and periph-
eral cues on offline visit intention.

The ELM hypotheses proposed that involvement would
amplify the effect of central route factors (H3a, H3b, H3c,
H3d). Expectedly, the coefficient of the product term of
Content and Topics (a g=0.0434, p<0.01), the coeffi-
cient of the product term of Reliability and Topics (g
=0.160, p<0.01), and the coefficient of the product term
of Relevance and Topics (« 19=1.211, p<0.01) in Model 3
were significantly positive. Thus, H3a, H3b, and H3c are
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supported. The coefficient of the product term of Length
and Topics (a 11=-0.0139, p<0.01) was significantly
negative. Since length significantly negatively affects
intention, Topics amplifies the effect of length on offline
understandability and offline visit intention. Thus, H3d is
supported.

For the moderating effect of involvement on peripheral
cues, the coefficient of the product term of Heat and Top-
ics (@ 12=0.0759, p<0.01), the coeflicient of the product
term of Title and Topics (« 13=0.0999, p<0.01), and the
coefficient of the product term of Hospital and Topics
(v 14=0.0918, p<0.01) in Model 3 were significantly pos-
itive. This means that involvement amplified the effects of
these variables on offline visit intention. Thus, H4a, H4b,
and H4c are not supported.

Figure 3 shows the moderating effects of involvement
on offline visit intention. Figure 3a, b and c, and Fig. 3d
show that the impact of content, reliability, relevance, and
length on intention was significant under both the less-
topics and more-topics conditions, but the relationships
were stronger under the more-topics condition. Thus,
consistent with the hypotheses, involvement magnified
the effect of information quality on offline visit intention.

Figure 3e and f, and Fig. 3g show that the effects of
heat, title, and hospital reputation on intention were
stronger under the more-topics condition than the less-
topics condition. Meanwhile, the impact of title and
hospital reputation on intention was not significantly
positive under the less-topic conditions. One possible
reason is that patients with low involvement might not
pay attention to the physician’s title or hospital, or these
patients feel the attending physician (the lower title) can
also meet their needs.

Model 3 (Table 5), Fig. 3e and f, and Fig. 3g show that
involvement amplified the positive effects of heat, title,
and hospital reputation on intention, which is different
from the assumption of ELM. One possible reason is that
medical knowledge differs from other knowledge areas.
We will provide a more detailed explanation in the dis-
cussion section. Thus, the negative moderating effect of
involvement on the impact of title and hospital reputa-
tion on intention was not supported.

The results of the hypotheses test are shown in Table 6.

Robustness check

To check the robustness of the results, we used the
unique words in a physician’s posts on the thread to
measure the amount of information. We also used the
number of thank-you letters received by physicians to
measure the volume of positive e-WOM. Table 7 pres-
ents the model results estimated by regression. The
model was significant since the F-value was reason-
able (Prob>chi®?=0.000), and no VIF statistic for the
variables was higher than 2, indicating the absence of
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multicollinearity. The hypotheses supported by the previ-
ous model were all supported by this model. Appendix F
Table F1 shows the Robustness Test Results of Random
Subsamples, which remain robust. Therefore, the results
are robust.

Discussion and implications

Discussion

In this study, we posit that central route factors—such
as the amount of information, reliability, relevance, and
understandability—and peripheral cues from physicians
positively influence patients to visit offline. We primar-
ily considered three peripheral cues: electronic Word
of Mouth (e-WOM), expertise, and hospital reputation.
Additionally, we hypothesize that patient involvement
positively moderates the influence of central route factors
and negatively moderates the impact of peripheral route
factors.

The study confirms that the information quality of
content provided by physicians, including the amount of
information, reliability, relevance, and understandability,
directly affects patients’ intentions to visit offline. This
aligns with the ELM, which suggests that the quality of
information in the central route is crucial for physicians
to persuade patients to visit offline. Therefore, physicians
should provide more informative, reliable, relevant, and
comprehensible information to enhance patients’ inten-
tions to visit offline.

The results also revealed a positive effect of periph-
eral cues on offline visit intention. Thus, patients are
more likely to visit offline when physicians have higher
e-WOM, higher expertise cues, and associations with
reputable hospitals.

The positive effects of peripheral cues such as elec-
tronic Word of Mouth (e-WOM), expertise cue, and hos-
pital reputation on the intention to visit offline indicate
that, although information quality is essential, peripheral
cues also play a significant role. This is especially true for
patients who may not be motivated to process central
information in detail, aligning with the peripheral route
of the ELM. The study’s results suggest that a physician’s
online reputation, as reflected in e-WOM, expertise
cues, and associations with reputable hospitals, can sig-
nificantly influence patient behavior. This highlights the
growing importance of online reputation management
for online physicians.

The study found that patient involvement strength-
ens the impact of the information quality of physicians’
responses on patients’ intentions to visit offline. Patients
with higher involvement are more likely to be persuaded
by responses with high information quality. This suggests
that online physicians must respond with higher-quality
information to attract these patients more effectively.
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However, patient involvement does not negatively
moderate the impact of peripheral cues on the inten-
tion to visit offline. The results show that highly involved
patients place more emphasis on peripheral cues than
those with lower involvement. A possible reason is that
medicine is a highly specialized field with significant
information asymmetry. Highly involved patients may
be able to analyze the quality of information in physi-
cians’ responses to infer the quality of medical services.
Still, other potential factors affect the quality of medi-
cal services. Patients with higher involvement can use
peripheral cues to judge the impact of different poten-
tial factors. Therefore, compared to patients with lower
involvement, they also care more about peripheral cues.
Thus, highly involved patients are not satisfied with judg-
ing the quality of physicians’ services solely based on the
central route; they need more information and clues to
assess the quality of physicians’ services as much as pos-
sible, and therefore, they also care more about physicians’
peripheral cues.

Theoretical implications

This study integrated the ELM and Grice’s maxims and
applied them to the field of OHCS, enriching the appli-
cation of these theories and offering a new perspective
on how patients form intentions to visit offline through
persuasive content provided by online physicians. The
results show that information quality and peripheral
cues positively affect patients’ intentions to visit offline
and that involvement positively moderates the impact of
information quality.

Secondly, by quantifying the amount of information,
reliability, relevance, and understandability to assess
the quality of physicians’ persuasive content, this study
offers a new perspective on evaluating the quality of
information in online medical communication. It also
underscores the pivotal role of this quality in the com-
munication process between physicians and patients.
The quality of online medical communication can signifi-
cantly affect patients’ trust in online physicians and their
adherence to medical advice. Patients receiving high-
quality communication are more likely to accept the phy-
sicians’ advice, reducing the losses associated with delays
in seeking offline visits.

Thirdly, this study enriches the literature on patient
behavior regarding offline visits. Previous research has
not fully explored the impact of information and per-
suasive content in OHCS. OHCS offers a convenient
communication platform for patients and physicians,
enabling physicians to persuade patients of the need for
offline visits, thereby reducing the chances of patient
delays. This work examines how physicians’ persuasive
messages affect patients’ intentions to visit offline and
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finds that online information and interactions influence
patients’ offline visit behavior.

Lastly, contrary to expectations in the context of
OHCS, the study did not confirm the negative moderat-
ing effect of involvement on peripheral cues; instead, it
showed that peripheral cues still strongly impact highly
involved patients. When patients are more involved, they
pay more attention to the quality of physicians’ services
and focus more on peripheral cues. Concurrently, the
abundance of online physician resources and the con-
venience they offer enable patients to obtain informa-
tion about both the information quality of physicians’
responses and peripheral cues.

Practical implications

This study has several practical implications. First, online
physicians can help patients decide to visit offline by fol-
lowing Grice’s maxims (quantity, quality, relevance, and
manner). The results indicated that the amount of infor-
mation, reliability, relevance, and understandability could
promote patients’ offline visits. Therefore, when replying
to patients, physicians should provide more information
closely related to their conditions, use concise and eas-
ily understandable sentences, and ensure the reliability of
their responses (as shown in Appendix E, Table E1). This
approach can enhance patients’ perception of informa-
tion quality and help them intend to seek offline visits.

Second, the volume of positive e-WOM, expertise
cues, and hospital reputation positively affect offline visit
intention. Physicians can benefit from their past efforts.
Other physicians should aim to improve their e-WOM
and clinical titles if they want more online patients to
visit them offline.

Thirdly, patients who are highly involved are more
likely to be affected by the quality of information. There-
fore, for highly involved patients, physicians should pay
more attention to the quality of information (that is,
Grice’s Maxims). Expanding on this, the practical impli-
cations suggest that physicians must recognize the high
sensitivity of highly involved patients to the quality of
medical information they receive. By adhering to Grice’s
maxims—the maxim of quantity (providing more infor-
mation), the maxim of quality (ensuring the reliability of
information), the maxim of relation (maintaining rele-
vance), and the maxim of manner (expressing clearly and
concisely)—physicians can enhance the effectiveness of
their communication with these patients. This adherence
strengthens the patients’ intention to seek offline medical
services.

Limitations and suggestions for future research

First, we selected appropriate proxy variables and used
machine learning and other methods to measure the
variables. However, we could not obtain data on patient
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characteristics for privacy reasons. In the future, we will
consider using interviews and questionnaires to directly
measure patients’ behavioral and psychological variables
to verify our conclusions further.

Second, since patients had screened physicians before
consultation, there were inevitable biases in the data col-
lected online. In the future, experiments simulating real
situations can be used to study the information qual-
ity of physicians’ responses, peripheral cues, and patient
involvement in offline visit intention.

Third, our results showed that involvement enhanced
the influence of peripheral cues on intention. Further
exploration is needed to determine whether this is attrib-
utable to patients’ lack of confidence in medical knowl-
edge, physician resource abundance online, or both.

Conclusion

This research explored the effects of central route factors
(following Grice’s maxims) and peripheral cues (e-WOM,
expertise cues, and hospital reputation) on patients’
offline visit intentions. We also investigated the moder-
ating effects of patient involvement on these relation-
ships. The results showed that (1) central route factors,
e-WOM, expertise cues, and hospital reputation posi-
tively affected patients’ offline visit intentions, and (2)
patient involvement positively moderated the effects of
central route factors and peripheral cues on offline visit
intention.

This study can help researchers better understand
online patients’ evaluations and offline visit behaviors in
OHCS, thereby contributing to online and offline health-
care research. Moreover, this work provides some impli-
cations for practice.

Supplementary Information
The online version contains supplementary material available at https://doi.or
g/10.1186/512911-025-02861-8.

Supplementary Material 1
Supplementary Material 2

Supplementary Material 3

Acknowledgements

This work was funded in part by the National Natural Science Foundation

of China (Grant Numbers 72101088, 72071213) and the Hunan Provincial
Department of Education’s Outstanding Young Scholars Fund (Grant Number
24B0567). We certify that we have complied with the ethical guidelines of
Committee of Publications Ethics regarding research with human participants
and/or care and use of animals in the conduct of the research presented

in this manuscript. In addition, we appreciate the academic committee

in “Mobile Health” Ministry of Education - China Mobile Joint Laboratory
reviewed the project proposal and gave us the ethical approval. We thank
LetPub (www.letpub.com) for its linguistic assistance during the preparation
of this manuscript.

Author contributions
Xianye Cao: Conceptualization, Methodology, Data Curation, Writing- Original
draft preparation, Revision; Yongmei Liu: Conceptualization, Funding


https://doi.org/10.1186/s12911-025-02861-8
https://doi.org/10.1186/s12911-025-02861-8
http://www.letpub.com

Cao et al. BMC Medical Informatics and Decision Making

acquisition; Zian Fang: Data curation, Validation, Revision; Zhangxiang Zhu:
Conceptualization, Revision.

Funding

This work was supported by the National Natural Science Foundation of China
(Grant Numbers 72101088, 72071213) and the Hunan Provincial Department
of Education’s Outstanding Young Scholars Fund (Grant Number 24B0567).

Data availability
Data is provided within the supplementary information files.

Declarations

Ethics approval and consent to participate
This article does not contain any studies with human participants or animals
performed by authors.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Received: 16 October 2024 / Accepted: 8 January 2025
Published online: 06 March 2025

References

1. Adamson SC, Bachman JW. Pilot Study of Providing Online Care in a Primary
Care Setting. Mayo Clinic Proceedings. 2010;85:704-10.

2. BakerL, Rideout J, Gertler P, Raube K. Effect of an internet-based system for
doctor-patient communication on health care spending. J Am Med Inform
Assoc. 2004;12:530-6.

3. Moser DK, McKinley S, Dracup K, Chung ML. Gender differences in reasons
patients delay in seeking treatment for acute myocardial infarction symp-
toms. Patient Educ Couns. 2005;56:45-54.

4. Lu N, Wu H. Exploring the impact of word-of-mouth about Physicians’service
quality on patient choice based on online health communities. BMC Med Inf
Decis Mak. 2016;16:151.

5. LiuX Guo X, Wu H, WuT.The Impact of Individual and organizational
reputation on Physicians'appointments online. Int J Electron Commer.
2016;20:551-77.

6. WuH, Deng Z, Wang B, Wang H. How online health community participation
affects physicians’ performance in hospitals: empirical evidence from China.
Inf Manag. 2021;58:103443.

7. Xing W, Hsu PY, Chang Y-W, Shiau W-L. How does online doctor—patient
interaction affect online consultation and offline medical treatment? IMDS.
2019;120:196-214.

8.  Petty RE, Cacioppo JT, Goldman R. Personal involvement as a determinant of
argument-based persuasion. J Personality Social Psychol. 1981;41:847-55.

9. Petty RE, Cacioppo JT. The elaboration likelihood model of persuasion. Com-
munication and persuasion. Springer 1986;1-24.

10.  Grice HP. Studies in the way of words. Cambridge, MA: Harvard University
Press. 1989.

11, Grice HP. Logic and conversation. In: Cole P, Morgan JL, editors. Syntax and
semantics: speech acts. New York: Academic 1975;41-58.

12. XuY (Calvin), Chen Z, editors. Relevance judgment: What do information
users consider beyond topicality? J Am Soc Inf Sci. 2006,57:961-73.

13. Mai J-E. The quality and qualities of information. J Am Soc Inform Sci Technol.
2013;64:675-88.

14. Cao X, LiuY, Zhu Z Hu J, Chen X. Online selection of a physician by patients:

empirical study from elaboration likelihood perspective. Comput Hum Behav.

2017;73:403-12.

15. Deng Z,Hong Z, Zhang W, Evans R, Chen Y. The Effect of Online Effort and
Reputation of Physicians on patients' choice: 3-Wave Data Analysis of China's
good doctor website. J Med Internet Res. 2019,21:¢10170.

16. Wu H, Lu N. Service provision, pricing, and patient satisfaction in online
health communities. Int J Med Informatics. 2018;110:77-89.

(2025) 25:112

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.
30.

31.

32.

33.

34.

35.

36.

37.
38.

39.

40.

41.

Page 18 of 19

Guo S, Guo X, Fang Y, Vogel D. How doctors Gain Social and economic returns
in Online Health-Care communities: a Professional Capital Perspective. J Man-
age Inform Syst. 2017;34:487-519.

Chen Q, Jin J, Yan X. Understanding physicians' motivations for community
participation and content contribution in online health communities. Online
Inf Rev. 2023;47:604-29.

Wang Y, Wu H, Xia C, Lu N. Impact of the price of gifts from patients on Physi-
cians'Service Quality in Online consultations: empirical study based on Social
Exchange Theory. J Med Internet Res. 2020;22:e15685.

Zhao W, Liu QB, Guo X, WuT, Kumar S. Quid pro quo in online medical
consultation? Investigating the effects of small monetary gifts from patients.
Prod Oper Manage. 2022;31:1698-718.

Yang H, Zhang X. Investigating the Effect of Paid and Free Feedback about
Physicians Telemedicine Services on patients’and Physicians'behaviors: Panel
Data Analysis. J Med Internet Res. 2019;21:e12156.

Wang J-J, Liu H, Cui X, Ye J, Chen H. Impact of a physician’s prosocial behavior
on the patient’s choice: an empirical investigation in online health commu-
nity. INFORMATION TECHNOLOGY & PEOPLE. 2023;36:1703-25.

Zhou X, Guo S, Wu H. Research on the doctors'win in crowdsourcing com-
petitions: perspectives on service content and competitive environment.
Volume 23. BMC medical informatics and decision making. 2023.

Jing L, Shan W, Evans RD, Shi X. Getting to know my disease better: the
influence of linguistic features of patients’self-disclosure on physicians’social
support in online health consultation. Electron markets. 2024;34.

Liu QB, Liu X, Guo X. The effects of participating in a physician-driven Online
Health Community in Managing Chronic Disease: evidence from two natural
experiments. MISQ. 2020;44:391-419.

Lu X, Zhang R. Impact of physician-patient communication in Online Health
communities on Patient Compliance: cross-sectional questionnaire study. J
Med Internet Res. 2019;21:212891.

Fan W, Zhou Q, Qiu L, Kumar S. Should doctors open Online Consultation
services? An empirical investigation of their impact on offline appointments.
Inform Syst Res. 2023;34:629-51.

Wang L, Yan L (Lucy), Zhou T, Guo X, Heim GR, editors. Understanding Physi-
cians'Online-Offline Behavior Dynamics: An Empirical Study. Information
Systems Research. 2020;31:537-55.

Sussman SW, Siegal WS. Informational influence in Organizations: an Inte-
grated Approach to Knowledge Adoption. Inform Syst Res. 2003;14:47-65.
Srivastava M, Saini GK. A bibliometric analysis of the elaboration likelihood
model (ELM). JCM. 2022,39:726-43.

Liao L, Huang T. The effect of different social media marketing channels and
events on movie box office: an elaboration likelihood model perspective. Inf
Manag. 2021,58:103481.

Farivar S, Wang F, Yuan Y, INFLUENCER MARKETING:. A PERSPECTIVE OF THE
ELABORATION LIKELIHOOD MODEL OF PERSUASION. J Electron Commer Res.
2023;24.

Cyr D, Head M, Lim E, Stibe A. Using the elaboration likelihood model

to examine online persuasion through website design. Inf Manag.
2018;55:807-21.

Aghakhani N, Oh O, Gregg DG, Karimi J. Online review consistency

matters: an Elaboration Likelihood Model Perspective. Inf Syst Front.
2021;23:1287-301.

Chou Y-C. Elaboration likelihood model, endogenous quality indicators, and
online review helpfulness. Decis Support Syst. 2022. https://doi.org/10.1016/j.
dss.2021.113683

Angst CM, Agarwal R. Adoption of Electronic Health Records in the Presence
of privacy concerns: the Elaboration Likelihood Model and Individual Persua-
sion. MIS Q. 2009;33:339-70.

Bhattacherjee A, Sanford C. Influence processes for information technology
acceptance: an elaboration likelihood model. MIS Q. 2006,30:805-25.
Meservy TO, Jensen ML, Fadel KJ. Evaluation of competing candidate solu-
tions in electronic networks of practice. Inform Syst Res. 2014;25:15-34.

Ho SY, Bodoff D. The effects of web personalization on user attitude and
behavior: an integration of the Elaboration Likelihood Model and Consumer
Search Theory. MIS Q. 2014;38:497-520.

Zhang KZK, Zhao SJ, Cheung CMK; Lee MKO. Examining the influence of
online reviews on consumers' decision-making: a heuristic-systematic model.
Decis Support Syst. 2014. https://doi.org/10.1016/j.dss.2014.08.005

Zhang W, Watts S. Capitalizing on content: information adoption in two
online communities. J Association Inform Syst. 2008,9:73-94.


https://doi.org/10.1016/j.dss.2021.113683
https://doi.org/10.1016/j.dss.2021.113683
https://doi.org/10.1016/j.dss.2014.08.005

Cao et al. BMC Medical Informatics and Decision Making

42.

43.

44,

45.

46.

47.

48.

49.

50.

51

52.

53.

54.
55.

56.

57.

58.

59.

Cheung CMK, Lee MKO, Rabjohn N. The impact of electronic word-of-mouth:
the adoption of online opinions in online customer communities. Internet
Res. 2008;18:229-47.

Zhu F, Zhang X (Michael), editors. Impact of Online Consumer Reviews on
Sales: The Moderating Role of Product and Consumer Characteristics. Journal
of Marketing. 2010;74:133-48.

Yi MY, Yoon JJ, Davis JM, Lee T. Untangling the antecedents of initial trust in
web-based health information: the roles of argument quality, source exper-
tise, and user perceptions of information quality and risk. Decis Support Syst.
2013;55:284-95.

Davies BL. Grice's Cooperative Principle: meaning and rationality. J Pragmat.
2007;39:2308-31.

Spencer-Oatey H, Jiang W. Explaining cross-cultural pragmatic findings: mov-
ing from politeness maxims to sociopragmatic interactional principles (SIPs).
J Pragmat. 2003;35:1633-50.

Baker W. From intercultural to transcultural communication. Lang Intercul-
tural Communication. 2022;22:280-93.

Ajmal M, Salahuddin A, Rehman R. Adapting Grice maxims in Teaching

of writing at undergraduate level: a Case Study. Pak J Humanit Soc Sci.
2023;11:233-42.

Wolfel M, Shirzad MB, Reich A, Anderer K. Knowledge-based and Generative-
Al-Driven Pedagogical Conversational agents: a comparative study of Grice's
Cooperative principles and Trust. BDCC. 2023;8:2.

Nam'Y, Chung H, Hong U, Cyberpsychology. Behav Social Netw.
2023;26:919-23.

Ho C-H, Swan K. Evaluating online conversation in an asynchronous learning
environment: an application of Grice's cooperative principle. Internet High
Educ. 2007;10:3-14.

Fidler M, Lavbi¢ D. Improving information quality of Wikipedia articles with
cooperative principle. Online Inf Rev. 2017;41:797-811.

Jacquet B, Baratgin J, Jamet F. Cooperation in Online conversations: the
Response Times as a window into the Cognition of Language Processing.
Front Psychol. 2019;10:727.

Wang RY, Strong DM. Beyond Accuracy: What Data Quality means to Data
consumers. J Manage Inform Syst. 1996;12:5-33.

Neuman WL, Larry W. Kreuger. Social Work Research Methods: qualitative and
quantitative approaches. Boston: Allyn & Bacon. 2003.

Koch AS, Forgas JP, Matovic D. Can negative mood improve your conversa-
tion? Affective influences on conforming to Grice’s communication norms.
Eur J Social Psychol. 2013;43:326-34.

Quentin Jones G, Ravid SR. Information overload and the Message dynamics
of Online Interaction spaces: a theoretical model and empirical exploration.
Inform Syst Res. 2004;15:194-210.

Chua AYK, Banerjee S. Helpfulness of user-generated reviews as a function
of review sentiment, product type and information quality. Comput Hum
Behav. 2016;54:547-54.

Barki H, Hartwick J. Measuring user participation, user involvement, and user
attitude. MIS Q. 1994;18:59-82.

(2025) 25:112

60.

61.
62.
63.

64.

65.

66.

67.

68.

69.
70.

71.

72.
73.

74.

75.

76.

Page 19 of 19

Lee J, Park D-H, Han |. The effect of negative online consumer reviews on
product attitude: an information processing view. Electron Commer Res
Appl. 2008;7:341-52.

Bi S, Liu Z, Usman K. The influence of online information on investing deci-
sions of reward-based crowdfunding. J Bus Res. 2017;71:10-8.

Blal I, Sturman MC. The Differential effects of the Quality and Quantity of
Online Reviews on Hotel Room sales. Cornell Hospitality Q. 2014;55:365-75.
Tsao WC, Hsieh MT. eWOM persuasiveness: do eWOM platforms and product
type matter? Electron Commer Res. 2015;15:1-33.

Sun J. How risky are services? An empirical investigation on the antecedents
and consequences of perceived risk for hotel service. Int J Hospitality Man-
age. 2014;37:171-9.

Petty RE, Cacioppo JT. Involvement and persuasion: tradition versus integra-
tion. Psychol Bull. 1990;107:367-74.

Cheung CMY, Sia CL, Kuan KKY. Is this review Believable? A study of factors
affecting the credibility of online consumer reviews from an ELM perspective.
J Association Inform Syst. 2012;13:618-35.

Lombard M, Campanella S-DJ. Content analysis in Mass Communication.
Hum Commun Res. 2002;28:587-604.

Jin J, LiY, Zhong X, Zhai L. Why users contribute knowledge to online com-
munities: an empirical study of an online social Q&A community. Inf Manag.
2015;52:840-9.

Luo R, Xu J, Zhang Y, Ren X, Sun X. PKUSEG: A Toolkit for Multi-Domain Chi-
nese Word Segmentation. Arxiv. 2019.

Liu PP, LiWJ, Lin N, Li XS. Do Chinese readers follow the National Standard
rules for Word Segmentation during Reading? PLoS ONE. 2013;8:e55440.
Ludwig S, Ko RD, Friedman M et al. More Than Words: The Influence of Affec-
tive Content and Linguistic Style Matches in Online Reviews on Conversion
Rates. Journal of Marketing. 2013;77:p4gs. 87-103.

Tausczik YR, Pennebaker JW. The psychological meaning of words: LIWC and
Computerized text analysis methods. J Lang Social Psychol. 2010,29:24-54.
Liu SQ, Ozanne M, Mattila AS, Norberg P. Does expressing subjectivity in
online reviews enhance persuasion? J Consumer Mark. 2018;35:403-13.
Zhang Y, Li X, Fan W. User adoption of Physician’s replies in an Online

Health Community: an empirical study. J Association Inform Sci Technol.
2020;71:1179-91.

Blei DM, Andrew Y, Ng MI Jordan. Latent dirichllocation. J Mach Learn Res et
al. 2003;3 null:993-1022.

Hsin-Hsi. Chen. The Contextual Analysis of Chinese Sentences with Punctua-
tion Marks. Lit Linguist Comput. 1994;9:281-9.

Publisher’s note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.



	﻿Offline visit intention of online patients: the Grice’s maxims and patient involvement
	﻿Abstract
	﻿Introduction
	﻿Background
	﻿Literature review
	﻿Prior research on OHCS
	﻿Elaboration likelihood model
	﻿Grice’s maxims of the cooperative principle


	﻿Research model and hypotheses
	﻿Information quality: compliance with Grice’s maxims
	﻿Peripheral cues
	﻿Moderating effect of involvement

	﻿Methods
	﻿Research context
	﻿Data and variables
	﻿Model estimation
	﻿Results
	﻿Robustness check

	﻿Discussion and implications
	﻿Discussion
	﻿Theoretical implications
	﻿Practical implications
	﻿Limitations and suggestions for future research

	﻿Conclusion
	﻿References


