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Abstract

Background: Inrecent years, anincreasing number of users have joined online health communities (OHCs) to obtain information
and seek support. Patients often look for information and suggestions to support their health care decision-making. It isimportant
to understand patient decision-making processes and identify the influences that patients receive from OHCs.

Objective:  We aimed to identify the posts in discussion threads that have influence on users who seek help in their
decision-making.

Methods: We proposed a definition of influence relationship of postsin discussion threads. We then developed a framework
and a deep learning mode for identifying influence relationships. We leveraged the state-of-the-art text rel evance measurement
methods to generate sparse feature vectors to present text relevance. We model ed the probability of question and action presence
in apost as dense features. We then used deep |earning techniques to combine the sparse and dense featuresto learn the influence
relationships.

Results: We evaluated the proposed techniques on discussion threads from a popular cancer survivor OHC. The empirical
evaluation demonstrated the effectiveness of our approach.

Conclusions: Itisfeasible to identify influence relationships in OHCs. Using the proposed techniques, a significant number of
discussions on an OHC were identified to have had influence. Such discussions are more likely to affect user decision-making
processes and engage users participation in OHCs. Studies on those discussions can help improve information quality, user
engagement, and user experience.

(J Med Internet Res 2022;24(8):€30634) doi: 10.2196/30634
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: of which typically focuses on 1 disease. OHCs provide a
Introduction web-based channd that enablesinformation exchange, facilitates
Background communication, and provides support to patients and caregivers

[2-4]. They are especially valuable for patients with chronic

In recent years, online health communities (OHCs) such asthe
Cancer Survivors Network (CSN), MedHelp, DoctorL ounge,
WebMD, and Health-boards message boards have become one
of the most important resources that patients leverage [1]. An
OHC is defined as an asynchronous web-based message board
system for patients that contains multiple message boards, each
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diseasesto learn about their conditions and seek social support
[5,6].

Empowering and supporting patients to make informed health
care decisions is a key component of patient-centered health
care and isa social, economic, and technical necessity [7,8]. A
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lot of patients seek information and advice on OHCs. Existing
work hasfound that nearly half of the threadsin a breast cancer
forum [9] are related to patient decision-making [1]. Studies
have also shown that patients are often influenced by web-based
sources and social mediain their health care decision-making
[10,11].

Objectives

Thegoal of this study wasto identify the influence relationship
of posts in discussion threads related to hedth care
decision-making. Specifically, we defined the influence
relationshipsand identified post repliesthat influenced theinitial
author, who had questions posted on OHCs.

The outcomes of this study are important for health care
professionals to help patients make informed decisions for
several reasons. First, analyzing the writing style and pattern
of posts that have influence may help explain why they have
influence and provide insights to health care professionals on
effective  communication with patients. Second, if the
information provided by posts that have an influence is not
accurate, it will mislead patients. It is important to check the
information quality in such posts to improve the quality of
influence. Furthermore, a patient who has questions but does
not receive any repliesthat have an influence may need further
help.

Literature Review

Thereisalot of research conducted on OHC analysis, although
with limited study on identifying influence relationships of

Figurel. Example of adiscussion thread.
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posts. Several studies have been conducted on analyzing the
reciprocal patterns between users' repliesin discussion forums
[12-14]. Thereis aso work on analyzing the patterns between
post views and post replies [15]. Many studies have been
conducted on identifying influential users in a community
[16-20]. In those applications, a post, blog, or tweet typically
expresses an opinion of the author, and thereplies are considered
as an indication of being influenced by the opinion of the
original post. That is, the reply relationship is considered as an
influence relationship. The focus is on judging the influential
power of an author based on activeness of post writing [21] and
social network features [17,18] such as PageRank-like
algorithms or clustering algorithms.

Finding influence relationships among posts in discussion
forums is different from finding influential users and requires
different techniques. In an OHC, the initia author of a thread
typically expresses a question, not an opinion. The influence
happens when areply to the question affects the initial author.
There are only 2 existing studies that consider the influence of
the replier on the initial author [21,22]. This influence is
identified when the sentiment of the initial author is changed
to be similar to that of the replier. However, this definition may
not be accurate.

Let us look at an example of a discussion thread related to
patient decision-making, shown in Figure 1. An OHC user
initialized a thread asking for advice on whether to have
chemotherapy before surgery for her mother’s treatment plan
in post pa.

P, My mom was diagnosed with breast cancer. They found the cancer in her left breast-
nothing on the right. They are recommending chemo before surgery- then surgery- then
chemo/radiation afterwards. | didn’t even know radiation therapy and chemo were two
different things. | don’t know if we should put her through chemo first? ....... My mom- as

avoid hair loss?

most women is into fashion and her BEAUTIFUL hair is one of her many prides- how can we

e

e

™

Pgy: Sorry to hear
that. | don't know of
any way to prevent
hair loss. It will grow
back but | know that
doesn't make it any
easier to lose. Good
luck and take care of
yourself also and
don't worry.

Pt e The surgeon also
said that having chemo first
would wipe out any cancer
cells floating around the
body. As it turned out | also
had cancer in my lymph
nodes. If there are things
you don't understand ask
the doctor to explain or ask
why he chose that
treatment.

Pgs: | did work through my
treatments too. It is hard to lose
your hair, some of the wigs are
so nice now it is almost hard to
tell a difference. | hope your
Mom will be able to get one
close to her natural hair. There
are several places to get them or
order them. | am sure your
hospital will have a social
worker that will help with that.

f

f

1

Pc; Thank you. God
Bless

Pc> Thank you. That helps. /
think we will consider your
case for her surgery and
treatment.

Pcs: Any online websites? When
you sau scarfe- are they really
anyone? Or special scarfs? Is it
true that we should remove the
microwave from her house
because of the radiation?

c
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In Figure 1A, auser replied by comforting her in post pg;. The
reply was not informative. Even though the initial author
expressed gratefulnessto the author of post pg;, with sentiment
changing to be positive in post pc;, she was not influenced by
post pg;. Indeed, studies show that 75% to 85% of CSN forum
participants change their sentiment in a positive direction
through web-based i nteractions with other community members
[23]. A change in sentiment is not necessarily an indicator of
being influenced.

In contrast, in Figure 1B, a user shared her experience in a
similar situation suggesting to have chemotherapy before a
surgery in post pg,. The initial author expressed her gratitude
and indicated that she would consider this suggestion in
determining her mother’ streatment plan (the sentencesinitalics)
in pco, showing her being influenced.

Contribution

Instead of considering sentiment changes, we propose using
questions or future actions on relevant replies as an indicator
of being influenced, as illustrated in the aforementioned
example. There are 2 mgjor challengesin identifying influence
relationships. First, we need to define influence relationships
of posts. We examined the semantics of post content to define
influence relationships. Unlikeinfluential users, who aredefined
by network features in the existing work [16-20], text content
is the key to determine whether posts have influence. Second,
it is hard to identify influence relationships. Unlike typical text
classification problems, influence relationshipsinvolve multiple
posts with reply relationships rather than a single paragraph of
text. In addition, influence is an abstract concept. It is
challenging to extract relevant featuresto capture the influence
patterns considering both content and the reply relationship.

Figure 2. Datastructure of an online health community.
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This study makes novel contributions to identifying influence
relationships in discussion threads in OHCs related to patient
decision-making. Specifically, (1) we defined the influence
relationship between the posts based on the semantics of the
post content, (2) an extensible deep learning model that extracts
and combines both sparse and dense features was proposed to
identify the influence relationships in OHC decision-making
threads, and (3) the proposed model achieved good performance
in identifying influence relationshipsin empirical evaluation.

Methods

In this section, we first model the OHC data and define the
influence relationship in discussion threads. We then propose
a deep learning-based model to identify the influence
relationships.

Problem Definition

Definition of Discussion Threads

Figure 2 presents an overview of the OHC data structure. We
modeled an OHC as a set of discussion threads T = {t;, t,...,
t.}. Each thread t; is composed of a set of posts and a function
R that represents the reply relationship. For example, Figure 2
illustrates athread that contains aset of 5 posts { pa, Ps, Pc: Pe'»
pc}. Oneof thereply relationships, R(pg) = pa, represents that
post pg replies to post p,. Each post p; consists of a sequence
of sentences p, = {s;, S,...., §}. Each post has an author. We
denoted the author relationship using a function U. U(p,)
representsthe author of post p;. Notethat apost only hasasingle
author; however, an author may write =0 postsin a thread. We
used p, to present the first post of a thread and named it the
initial post. The author of theinitial post, U(pa), is referred to
astheinitial author of the thread.

Existing work [1] has studied the thread discussions in OHCs
and identified that a subset of threads is related to patient
decision-making. Such a thread is characterized by questions
in the initial post and replies with suggestions of options.
Techniques have been developed to identify decision-making
threadsin OHCs.

In this paper, we study how to identify the caseswheretheinitial
author of adecision-making thread isinfluenced by areply post.
Note that our study is general to any thread discussions related
to decison-making. The definition and identification of
decision-making threads can be handled using the approach
developed in existing work [1] or other approaches. In the rest

https://www.jmir.org/2022/8/e30634

of this paper, we use threadsto refer to decision-making threads
for simplicity. The defined influence relationship may not be
applicable to discussion threads that are not related to
decison-making, such as discussion threads for casual
communication or experience-sharing threads providing social
support.

Definition of Relationships

Overview

Beforeintroducing the definition of influence relationships, we
first introduce relationships. A relationship is defined on atriple
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of postsin athread with reply relationships: an initial post, a
reply totheinitia post, and theinitial author’s subsequent reply.

Definition 1 (Relationship)

We define the rel ationship among three posts pa, Pg, ad pe, in
athread asr; = (pa, Ps, and pc), where post p, istheinitial post
of thethread, post pg repliesto p,, post pc repliesto pg, and the
authors of p, and pc are the same person. That is, R(pg) = Pa,

R(pc) = pg, and U(pa) = U(pe)-

We used r; = (pa, Pa: Pc) to denote the relationship among pa,
Pe, and pc. Note that there are many such relationships in a

thread, and we considered all such triples. For instance, Figure
2 shows athread with 2 relationships, r{ = (pa, Pg: Pc) and r, =

(Pas Pg'» Pc)-

Also, note that existing work on identifying influential users
[16-20] does not consider the relationships among post triples
but only considers the reply relationship between 2 posts.

Definition of I nfluence Relationships

Intuition

Now, we discuss how to define influence relationships on
relationship (pa, Pa: Pc), Where post pg has an influence on the
initial author U(pp).

Firgt, intuitively, if post pg influences the initial author U(pp),
then the content of these 3 posts must be relevant.

Second, we referred to the definition of influence in
Merriam-Webster [24]—“to affect or ater by indirect or
intangible means’—and the reaction of being influenced isto
sway rather than being convinced. If theinitial author considers
the suggestion given in post pg, even if she eventually does not
take the suggestion, she is considered to have been influenced
by post pg. On the basis of this definition, we observed 2
indications that theinitial author, U(p,), was influenced by pg.

An observation of being influenced isthat theinitial author may
ask questionsin pc based on the suggestionsin pg. Curiosity is
amotivator for learning and influential in decision-making [25].
An existing study [26] used a statistically large sample of
learning forum poststo investigate whether student participation
in the forum could be influenced. They observed that students
who were influenced by others' interesting answers were more
likely to ask follow-up questions. This indicates that asking
further questionsisasign of being influenced. The same pattern
also existsin OHCs. Let us look at the example in Figure 1C.
The initial author expressed concerns about hair 10ss in p.
Another user replied in post pg; suggesting the use of wigs. The
initial author then replied in post pcs with questions (the
sentencesin italics) for more details about the suggestion given
in post pg3. These questions indicate that the initial author was

https://www.jmir.org/2022/8/e30634
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thinking about the suggestion given in post pg; that is, being
influenced.

The second indication that the initial author was influenced by
a post pg is that she expressed her intention to take action in
post pc. Adiei et a [27] found that member-to-member
communication in web-based brand communities greatly
influenced the members' future purchase behavior. Similarly,
the communication through discussion threads in OHCs may
also affect the initial author’s future actions. Let uslook at the
example in Figure 1B again. For the treatment question asked
in pa, & forum user shared her experience and discussed the
treatment in post pg,. The initia author then replied with a
planned action (the sentence in italics) in pc,. Theintention of
future action based on the communications in the thread is an
indicator of the influence relationship.

On the basis of these observations, we define influence
relationships in decision-making threads in the following
section.

Definition 2 (I nfluence Relationship)

A relationship r; = (pa, Pa: Pe) IS considered as an influence
relationship—that is, U(p,) isinfluenced by pg—if and only if
thefollowing conditions are met: (1) the content of pg isrelevant
to post pa, (2) the content of pc is relevant to post pg, and (3)
pc contains questions or indicates future actions.

To identify influence relationships, we modeed it as a
classification task. Given a set of relationships R = {ry, r,...,
rnt, for each relationship r;, we predicted its label to be either
1 or -1, where label 1 indicated that r; was an influence
relationship and label —1 indicated that r; was not an influence
relationship. The goal was to learn amodel from the labels of
known relationships and predict the labels for unlabeled
relationships.

Model Design

Overview

In this section, we present the method to identify the influence
relationships in decision-making threads in OHCs. Figure 3
presents the framework of the proposed method.

Given aset of discussion threads astheinput, we first extracted
thetriple relationships using the rel ationship extraction module.
Text relevance features, question probability features, and action
probability featureswerethen calculated using thetext relevance
measurement module, the question probability calculation
module, and the action probability calculation module,
respectively. Finally, all the features were combined using a
deep learning model in the feature combination module to
generate the probability of a relationship being an influence
relationship.
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Figure 3. Workflow of influence relationship identification.

Lietd

‘ Discussion threads ‘

Relationship
extraction

]

1)

1

Text
relevance
measurement

Question
probability
calculation

Action
probability
calculation

¥

Feature
combination

1

Influence
relationship
classification

Relationship Extraction Module

In this section, weintroduce the rel ationship extraction modul e,
which extracted all relationships defined in definition 1.

Inthefirst step of relationship extraction, we built thereply tree
structure based on the indented format in html files. For each
adjacent post pair, the post that was posted earlier was treated
as the parent of the latter post. The ancestor-descent distance
between a post and the initial post was represented by the
number of tab characters. The reply structure of a thread is
illustrated in Figure 2. Each post is a node in the thread tree,
and each edge represents a reply relationship. The root of the
thread tree isthe initial post (ie, p,) in definition 1.

Existing work observesthat, in some forums, thereply structure
in a discussion thread may not be fully available and proposes
techniques to construct full reply structures [28]. The OHCs
used in our experiments had a full reply structure. Existing
techniques can be leveraged if needed for other forums.

We then navigated the thread tree to extract all relationship
triples, as defined in definition 1. Each triple started with the
initial post followed by a reply to the initial post written by
another author and then a subsequent reply by theinitial author,
all of which were on the same path in the thread tree. For
example, r; = (Pa, Pss Pc) and 1, = (pa, Pgs Pc) are 2
relationshipsin the thread treein Figure 2.

Text Relevance Measurement Module

The text relevance measurement module measures the content
relevance, or text semantic similarity, of 2 posts using a
relevance score between 0 and 1.

There are mainly 2 types of deep learning—based methods in
the literature that measure text relevance. The first type of
method extracts content feature vectors of 2 input texts and then
combines them to make a prediction, such as the Deep
Structured Semantic Models (DSSM) [29], the Convolutional
DSSM [30], and Architecture-l (ARC-I) [31]. The intuition of
this method is to highlight the important information of the
original texts so that irrelevant content can be removed before
the feature combination phase. However, the drawback of this
type of method isthat it runsthe risk of losing detail [32].

https://www.jmir.org/2022/8/e30634

The second type generates the word-level relevance first and
then uses neural networks to learn the hierarchical interaction
patterns for content-level relevance, such as DeegpMatch [33],
Architecture-1l (ARC-I1) [31], and MatchPyramid [34]. The
motivation is that making a good relevance judgment requires
considering the interactions in the text rel evance measurement
process, starting from the interactions between wordsto patterns
in phrases and those in whole sentences [34]. However, the
training process for the second type is much more expensive
than for the first one.

We evaluated both approaches to measure text relevance in
experiments. We chose 2 state-of -the-art representative methods
for the text relevance measurement module in the evaluation.
For thefirst type, we chose ARC-I [31], which usesamultilayer
perceptron to combine relevance feature vectors. It shows better
performance than the DSSM [29] and Convolutional DSSM
[30], both of which use cosine similarity [34]. We chose
MatchPyramid [34] to represent the second type of method as
it exhibits better performance than the other 2 methods
(DeepMatch [33] and ARC-I1 [31]) in experiments on multiple
data sets [34].

We further proposed the adaptation of Bidirectional Encoder
Representations from Transformers (BERT) [35] as the
embedding layer in the ARC-1 and MatchPyramid models.
BERT is a state-of-the-art embedding method for word
representation in many natural language understanding tasks,
trained on BookCorpus and English Wikipedia. We considered
both BERT (trained on Wikipedia) and word2vec (trained on
thetraining data set) asthe embedding methodsfor both ARC-I
and MatchPyramid. Different variations of the text relevance
measurement module are evaluated in the Text Relevance
Evaluation section.

Question Praobability Calculation Module

We now discuss how to calculate the probability of a post
containing aquestion using the question probability calculation
module.

There are 2 types of methods to identify question sentencesin
forums: arule-based approach and alearning-based approach.
In a rule-based approach, question marks and 5W1H words
(what, who, when, where, why, and how) are used to identify
guestion sentences [36]. A learning-based approach uses
sequential question patternsto train abinary classifier onlabeled
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data [37-40]. Liu and Jansen [37] used the question mark to
extract question posts from Sina Weibo. In the studies by
Ranganath et al [38,39], frameworks were proposed to identify
rhetorical questions by modeling the motivation of the user for
posting them. In the study by Ojokoh et al [40], questions from
ResearchGate were identified based on the maximum probability
value of a naive Bayes classification with part-of-speech tag
features.

Both rule-based and learning-based approaches can achieve
excellent performances. A study shows that a rule-based
approach can outperform complicated | earning-based approaches
[36]. Thus, we followed a rule-based method [36] to identify
guestion presence in the posts. In total, 2 types of rules were
considered: question marks and 5W1H words. We made
adaptations of this approach for OHCs. As a question mark is
the most significant sign of a question, we gave a higher
confidence score to a sentence with a question mark. We also
set some constraints on 5W1H words to simulate the pattern of
guestion sentences. First, SW1H must appear at the beginning
of asentence. Second, auxiliary wordswere added to the original
words for more specific patterns. For example, we considered
what is, what are, what does, and what do instead of what.

After the question probability of each sentencein apost p; was

calculated, the maximum probability was used asthelikelihood
of post p; containing at least one question, denoted as Q(p;).

Action Probability Calculation Module

This section presentsthe action probability cal culation module,
which generated the probability of action presencein apost.

Theindication of afuture action can be captured by the presence
of verbs and appropriate sentence tense. The Natural Language
Toolkit (NLTK) [41] tagger modul e defines astandard interface
for augmenting each token of a text with supplementary
information, such as its part of speech or its WordNet synset
tag, and provides several different implementations for this

Figure 4. Architecture of the feature combination module.

=

Dense layer
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interface. We leveraged the NLTK tagger module to assess the
likelihood of a post containing future actions by checking the
existence of wordswith afuture tense verb tag (eg, will consider
in Figure 1B) or a modal auxiliaries tag (eg, can, could, may,
and must). To count on the cases where future tenses may not
be identified because of forum users’ typos or informal writing,
we set the probability of future action to be 0.5 when the rules
failed to identify future actions. Equation 1 showsthe calculation
formulato generate the action probability of a post p;.

1 if VBE or MD € POS(p;)
Alp) = {0_5 '

Notethat we did not consider negation in the action probability
calculation module. For example, in post pe, the initial author
disagrees with the suggestions proposed in pg and decides to
do something different. For those cases, the overall meaning of
pg and pc would be the opposite and, therefore, would be
captured by the rel evance vectors generated in the text relevance
measurement module. Thus, we did not consider negations in
this phase to avoid double counting.

®

otherwise

Feature Combination Module

Overview

Referring to Figure 4, the text relevance measurement module
calculated Pg—the relevance score between p, and pg—and

Pec—the relevance score between pg and pc. The question
probability cal culation module and action probability calculation
module calculated the question probability Q(pc)—or Q in
short—and action probability A(pc)—or A in short—based on
the text of pc.

We now discuss the feature combination modul e that measures
the influence score based on these features. We discuss 2
alternative methods: a baseline approach and a deep learning
mode!.

Feature
- . . -
: combination =
H

module
...................

Text

relevance

module

1
1
1
measurement :
]
1

Question 1
probability I
- calculation
: module I
1 —_—— —
1 —_— s
i II Action
1 Text relevance Text relevance 1 r probabllity .
: measurement model measurement model : . . calculation -
1
e = — e — Lt modve |
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Baseline Approach

Recall that, according to definition 2, the presence of an
influence relationship requires the relevance between post p,
and post pg, the relevance between post pg and post p¢, and the
presence of a question or action in post pc. We started with an
intuitive method to detect influence relationships based on the
definition using Equation 2.

Phasdine = Pag % Pac X max [Q(pc), A(Pc)] (2)
We set the thresholds to 0.5, 0.5, and 0.9 for each component.

Deep Learning Approach

We further proposed a deep learning model that combines the
text relevance, the likelihood of question presence, and the
likelihood of future action presence to identify influence
relationships. The architecture of thismodel isshownin Figure
4.

Compared with the baseline approach, there are 3 major benefits
of using a deep learning model. First, it is labor-intensive,
time-consuming, and difficult to determine appropriate
thresholds for cutting off the probabilities using a rule-based
approach such asthe baseline approach. A threshold that works
well for one data set may not be optimal for another. Both a
rule-based approach and adeep learning model require different
thresholdsfor different datasets. A rule-based approach requires
manual parameter tuning for each data set. In contrast, a deep
learning approach learns thresholds from the ground truth and,
thus, can easily adapt to a new data set with minimal human
intervention [42]. Second, the question and action features may
have different interactions with the relevance features. We
observed that questions are often relevant, but actions are not
necessarily. People typically express appreciation in post pc or
sometimes even mention actions totally irrelevant to post pg,
such as the plan to travel or shop. Being relevant is more
important to consider in the presence of actions compared with
in the presence of questions. However, in the baseline approach,
the question and action features are merged before being
combined with the relevance features, resulting in the loss of
important information. Furthermore, we used relevance vectors
as inputs to the deep learning model to calculate the influence
score. Compared with the baseline approach, which uses the
relevance scores as input to measure the influence score,
relevance vectors provide much richer information. This can
be especially helpful when there are severa topicsinvolved in
the discussion. The relevance information is also leveraged
during the phase of combining the relevance features with the
guestion or action features.

Let Vg denote the relevance vector between p, and pg and Ve
denote the relevance vector between pg and pe. We generated
Vg, Ve from p,, pg. and pc and calculated Q and A from pe.

These features were then connected. The question or future
action in pc must be related to the content of p, and pg. Thus,

we combined Vg and Ve with Q and A using one of the

following two operators: (1) cat (concatenating each relevance
vector with question or action probability) and (2) dot

https://www.jmir.org/2022/8/e30634
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(multiplying each relevance vector with question or action
probability).

There are 2 mgjor differences between these 2 operators for
connecting the features: cat and dot. First, dot makes sure that
Q and A affect each dimension in the rel evance vectors, whereas
cat cannot guarantee this as some neurons or nodes are dropped
out. Some interactions between questions or actions and text
relevance may be ignored by the cat operator. Second, the
training process of the cat is more expensive than that of the
dot because, for each dense layer 1 to 4, thereis an additional
dimension for the cat compared with for the dot.

InFigure4, we use [ to present the combination operator, which
can be either cat or dot. The combination step produces 4 feature
vectors: Vag 0 Q, Vag O A, Ve O Q, and Ve O AL To extract
the key information from these combined feature vectors, 4
dense (fully connected) layers were used to populate the
summarized feature vectors (S;, S,, S;, Sy). The concatenation
of these 4 summarized feature vectors was passed through 2
dense layers. The first one was used to further combine the
summarized feature vectors. The second one aimed to generate
the probability distribution over the labels. To avoid gradient
vanishing and exploding [43], we chose the Relu function as
the activation function for all the dense layers except the output
layer, which uses the softmax function to populate the
probabilities.

We trained the model using the binary cross-entropy loss
function defined in Equation 3, which minimizes the distance
between the probability distributions of the ground truth and
those of the predicted score.

L—ln -1 1 -log (1 3
—EZ;uog@a+(—m)og(—$) ®

Wherey; isthe ground truth label of theith training sample and
s isthe score predicted by the model. The Adam optimizer [43]

was leveraged for optimization because of its advantage of
processing sparse features and obtaining faster convergence
compared with the normal stochastic gradient descent with
momentum.

Ethics Approval

All material s were obtained from anonymous open-source data.
Thus, ethics approval was not required.

Results

Experiment Setting and Evaluation Metrics

We implemented a prototype system for influence relationship
identification on discussion threads. The prototype system and
data setsused inthe evaluation are publicly available at GitHub
[44].

For empirical evaluation, we collected 25,208 threads that were
publicly available in the CSN breast cancer forum [9]. The
webpages were collected and processed by a web crawler we
developed leveraging the Spider Crawler library [45]. There
were 321,000 posts with 1.9 million sentences in total. We
applied the classifier proposed by Li et a [1] on all 25,208
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threads to identify the ones that were related to patient
decision-making and obtained 11,815 (46.87%) such threads.
Note that other modelsfor classifying decision-making threads
can also be plugged in.

We then extracted relationships from the decision-making
threads using the relationship extraction module and obtained
9053 relationships. We randomly picked 853 (9.42%) of them
to label. A total of 4 PhD students worked on the manual
labeling. All the relationship triples and post pairs were first
independently labeled. In case of disagreement, a consensus
was reached after discussion. A total of 261 relationships were
labeled asinfluence relationships. Recall that, per definition 1,
each relationship is presented as a triple (pa, Ps, Pc). We aso
labeled whether posts p, and pg were relevant (ie, P,g) and
whether posts pg and p; were relevant (ie, Pgc). We observed
some reply posts with content expressing only comfort or
wishes. Although they express care about the initial author’s
conditionsand seem relevant, they are generic. After discussion,
we reached an agreement that, when the initial post and reply
post shared similar medical terms (such as chemotherapy and
chemo), we would label them as relevant. All 1706 post pairs
(Pa, Pg) @nd (pg, pc) of the 853 relationships were labeled. Of
the 1706 pairs, 1210 (70.93%) were relevant pairs, and the
remaining 496 (29.07%) were irrelevant. We split the set of
relationships into atraining set (90%) and atesting set (10%).
The post pairsin the aforementioned training and test setswere
used for text relevance training and testing, respectively.

The metrics used for evaluation included precision, recall, F;

score, accuracy, areaunder the receiver operating characteristic
curve (ROC AUC), and area under the precision-recall curve

Table 1. Text relevance measurement module results.

Lietd

(PR AUC). They evaluated the effectiveness of a system using
different aspects: (1) precision, aso known as positive predictive
value, isthe fraction of relevant instances among the retrieved
instances; (2) recall, also known as sensitivity, is the fraction
of relevant instances that are retrieved among all relevant
instances; (3) F, score measures a model’s performance by

calculating the harmonic mean of the precision and recall, as
precision X recall

shown in the following equation: " =**precsion+recai(4); (4)
accuracy isacommon evaluation metric for binary classification
problems and is defined as the fraction of corrected predictions
among the total number of predictions; (5) ROC AUC is a
common evaluation metric for binary classification problems
and is created by plotting the true positive rate against the false
positive rate at various threshold settings; and (6) PR AUC is
commonly used to eval uate the performance of amodel on data
sets with imbalanced labels.

Text Relevance Evaluation

Table 1 presents the classification results of the text relevance
measurement module. In total, 2 observations were made. The
first observation wasthat the modelsusing BERT achieved high
recal but low precision, whereas the models with
word-embedding vectorstrained on OHC data obtained bal anced
precision and recall values. There are 2 reasonsfor theseresults.
First, OHC data are domain-sensitive and can benefit from
domain-specific word representation. Second, the BERT
transformer tendsto link wordsin adjacent sentences by mistake.
In the text rel evance measurement modul e, precision was more
important than recall as the accuracy of influence relationship
identification depended on the precision of relevance
classification. Thus, we used the word vectors trained on OHC
datainstead of BERT in the following experiments.

Precision  Recall Fy Accuracy ROCAUC?  PRAUC?
MatchPyramid with BERTE (trained on Wikipedia) 0.578 0.992 ¢ 0.730 0.512 0.502 0.583
MatchPyramid with word2vec (trained on the training data set) 0.781 0.820° 0.806 0.692 0.763 0.854
ARC-I®with BERT (trained on Wikipedia) 0.523 0.890° 0.659 0.503 0.493 0.554
ARC-I with word2vec (trained on the training data set) 0.832 0.747¢ 0.785 0.784 0.848 0.903

3ROC AUC: area under the receiver operating characteristic curve.
PR AUC: area under the precision-recall curve.

®BERT: Bidirectional Encoder Representations from Transformers.
The P valueis statistically significant at P=.05.

®ARC-I: Architecture-|.

The second observation was that, with word vector embedding,
ARC-| achieved a better performance than MatchPyramid in
most of the evaluation metrics. In the ARC-1 model, each input
text goes through an embedding layer, a convolution layer, and
amax pooling layer, and the extracted feature vectors are then
concatenated together as the input to a fully connected layer
that calculates the predicted relevance scores. MatchPyramid
populates the local word rel evance matrix first. Each cell of the
matrix presentsthe dot product of the word-embedding vectors
of thewordsin the text input. The patterns of theseinteractions

https://www.jmir.org/2022/8/e30634

are then extracted using a convolutional neural network [46].
Thus, ARC-I focuses on checking relevance based on the
meaning of the whole text, whereas MatchPyramid focuses on
summarizing the important relevance features based on local
word similarity. For OHC data sets, posts were relatively long
and often contained noisy information; thus, considering the
meaning of the entire post text was moreimportant than focusing
on adjacent words. Thisiswhy the performance of ARC-I was
better than that of MatchPyramid in our evaluation. We also
observed that ARC-l with word2vec outperformed
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MatchPyramidwith word2vec in both ROC AUC and PR AUC
but had an inferior F; score. Note that F; averages the
performance of all the samples by combining the precision and
recall, whereas the ROC AUC and PR AUC cumulate the
precisions among all samples with different recall thresholds.
This indicates that the average performance of
MatchPyramidwith word2vec was better, but the overall
performance of ARC-Iwith word2vec was better.

Question and Action Probability Evaluation

Now, we present the evaluation of the question probability
calculation module and the action probability calculation
module. The performance is shown in Table 2. Good
performance was achieved for question i dentification. For future
action identification, a high score was achieved on recall but
not on precision. The following are a few examples of posts

Table 2. Question and action calculation module results.

Lietd

that are classified as containing future actions but actually do
not have action intent: | will tell you though | hated my silicone
or | would worry about it. These sentences have verbs in the
future tense, but those verbs only convey opinions or feelings
rather than taking action on health care. We plan to improve
action detection by training action sentence models as future
work.

Recall that in the deep learning approach, question and action
probabilities are considered asinput featuresinstead of imposing
astrict requirement on their presence. We conducted an analysis
on the test data in terms of their presence. All positive cases
either had a probability of action presence of 1.0 or had a high
probability of question presence, with an average probability
of 0.986 (SD 0.033). This indicates that the deep learning
approach captures definition 2 well, ensuring the high likelihood
that either a question or afuture action is present.

Precision Recall F1 Accuracy ROC AUC? PRAUC?
Question probability calculation module 1.000 1.000°¢ 1.000 1.000 1.000 1.000
Action probability calculation module 0.771 1.000°¢ 0.871 0.810 0.733 0.771

8ROC AUC: area under the receiver operating characteristic curve.
PR AUC: area under the precision-recall curve.
“The P valueis statistically significant at P=.05.

Influence Relationship Classification Evaluation

Table 3 shows the performance of the baseline and deep
learning approaches with alternative ways to combine text
relevance vectors, question features, and action features. Recall
that, for the feature combination module, baseline combines
the text relevance score, the likelihood of question presence,
and thelikelihood of future action presenceto identify influence

Table 3. Influence relationship classification results.

relationships. MatchPyramid+cat Q/A represents the model
using MatchPyramid to calculate the text relevance score and
cat asthe combination operator [, whereas MatchPyramid+ dot
Q/A uses dot as the combination operator [1. ARC-1+cat Q/A
represents the model using ARC-I to calculate the relevance
score and cat as the combination operator [, whereas
ARC-I+dot Q/A uses dot as the combination operator [J.

Precision Recall F1 Accuracy ROCAUC®  PRAUC?
Basdline 0.300 0.231° 0.261 0.595 0.495 0.307
MatchPyramick+cat QA 0.667 0,154 0.25 0.714 0.560 0.442
MatchPyramid-dot Q/A® 0.633 0577°¢ 0.603 0.667 0.634 0.481
ARC-I+cat Q/AT 0.667 0,154 0.25 0.714 0.637 0515
ARC-I+dot Q/A 0.750 0.462° 0571 0.786 0.724 0.631

8ROC AUC: area under the receiver operating characteristic curve.
BPR AUC: area under the precision-recall curve.
“The P valueis statistically significant at P=.05.

dm atchPyramid+cat Q/A: model using MatchPyramid to calcul ate the text relevance score and cat as the combination operator (1.
EMatchPyramid+dot Q/A: model using MatchPyramid to calcul ate the text relevance score and dot as the combination operator .
fARC-I1+cat Q/A: model using Architecture-I to calculate the relevance score and cat as the combination operator (.
9ARC-I+dot Q/A: model using Architecture-| to calculate the relevance score and dot as the combination operator OJ.

We aso visualized the operating characteristic curves of all
methods, as shown in Figure 5. From Table 3 and Figure 5, we
have the following observations.

https://www.jmir.org/2022/8/e30634

First, all proposed deep learning methods, which use relevance
features and consider the interaction between relevance and the
presence of questions or actions, significantly outperformed the
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baseline approach. This indicates that the relevance feature
vectors generated by the text relevance measurement module
were effective in capturing relevant content. Combining these
feature vectors with the features of question presence and action
presence helped capture their interactions and achieved good
performancein influence relationship classification. In contrast,
the baseline approach, which directly follows definition 2, did
not perform well. This was due to the inability to capture the
interactions between text relevance and question or action
presence and the challenge of manually setting an appropriate
cutoff threshold for each module.

Second, the model s using the dot operator performed better than
those using the cat operator. There are mainly 2 reasonsfor this.
First, question probability and action probability may interact
with Vg and Vg relevance vectors, which can be captured well

by the dot operator. Figure 1B shows an example in which the
actionin pcisrelated to the discussion in p, and pg. The action

in pc, isrelated to chemo, which is the common content of p,
and pg,. Inthis case, the action probability needsto be combined
with V,g. Although, in another case, the action refers to an
option mentioned in pg, the interaction between pg and p¢ is

Figure5. Influence relationship classification.

Lietd

more likely to be the context of the action and, thus, the action
probability needs to be combined with V¢. In contrast, the cat
operator ignores some interactions between questions (actions)
and the context because of the dropout of some neutrals.
Therefore, the cat-based methods had a much lower recall than
the dot-based methods. The results show that interactions
between action and context are important for influence
identification.

Furthermore, the ARC-I+dot Q/A had a much better precision,
accuracy, ROC AUC, and PR AUC than MatchPyramid+ dot
Q/A but had lower recall and slightly lower F,. Thisisbecause
ARC-I achieved a better performance than MatchPyramid in
the text relevance measurement module. ARC-I+dot Q/A was
stricter than MatchPyramid+ dot Q/A when fitting the model to
the relevance factor. For applications that want to analyze the
writing style and patterns of poststhat have influence, precision
is critical. ARC-I+dot Q/A is effective for locating such
discussions. In contrast, for applications that want to check the
information quality of the posts that have influence to prevent
and mitigate the spread of mideading information,
MatchPyramid+dot Q/A is more suitable because of its higher
recall.

10

o o
=)} @

True positive rate
o

0.2 i

0.0

—— Baseline

— MatchPyramid+dot

MatchPyramid+cat

ARC-l+cat
ARC-l+dot

0.0 0.2 0.4

0.6 0.8 1.0

False positive rate

A Case Study
Figure 1 shows an example of 3 relationships, (Pa, Ps1, Pci)s

(Pa Pe2, Pc2), and (Pa, Pea, Pca), where (pa istheinitial post of
the thread. The scores of these 3 relationships calculated using
our system were 0.282, 0.793, and 0.622, respectively. Our
system identified (pa, Pg2, Pc2) and (Pa, Pes: Pes) @ each
containing an influence relationship, and (pa, Pe1, Pc1) does not.
Aswe can see from the post content, pg, provides suggestions
to the initial author regarding the treatment decision. In post
Pco, the initial author expresses actions to take based on the
suggestionsin pg,. In post pgs, the replier recommends that the
author use wigs. Theinitial author then asks further questions
about the wig information. Both relationships indicate that the
initial author wasinfluenced. In contrast, pg; discusses general
information and comfortstheinitial author, and theinitial author

https://www.jmir.org/2022/8/e30634

expresses thanks in pg, but there is no indication of being
influenced.

Discussion

Principal Findings

To the best of our knowledge, thisisthe first study that defines
the influence relationships of discussion posts related to
decision-making in OHCs. We proposed adeep | earning—based
natural language processing prototype to identify influence
relationships. We then applied the developed techniques to
identify the influence relationshipsin an OHC, the CSN breast
cancer forum. There were 2 major observations.

First, we found that there is a significant amount of influence
relationships in the OHC. Of the 9052 relationships in
decision-making threadsidentified by Li et al [1], 3069 (33.9%)
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wereidentified asinfluencerelationships. That is, approximately
one-third of the communications influence the initia authors
on their decision-making. Furthermore, of the 5143
decision-making threads, which have at least one relationship,
2417 (47%) contain at least one influence relationship. Owing
to the prevalence, it is important to study posts that have
influence.

Second, we also observed that posts that have influence may
contribute to engaging usersin discussions. The average number
of postsin threads containing at least oneinfluencerelationship
was 15.5, whereas the average number of posts in threads
containing no influence relationship was 12.6. Our conjecture
is that posts that have an influence likely provide helpful
information or good reasoning, which are thought-provoking
and help engage usersin discussions.

Onthebasis of these observations, there are several applications
that can benefit from the identification and analysis of influence
relationships.

First, analyzing the quality of posts that have influence helps
improve the quality of the influence. As discussed in the first
observation, influence relationships are common. Quality
checking of those postsis more critical than that of other posts
in terms of improving the effect of influences and mitigating
the spread of misleading information.

On the basis of the identification of influence relationships, we
can further identify influential users in OHCs. We can use
existing techniquesthat analyze the network featuresto identify
influential users [16-20], where this work calculates the edge
weights (ie, the influence of a post). Identifying and checking
influential users contributes to high-quality information
dissemination.

Second, based on the second observation, analyzing the writing
style of posts that have influence provides insights to health
care professionals about effective communication for patient
engagement.

Acknowledgments
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Furthermore, identifying influence rel ationships contributes to
effective information recommendations for addressing the
information overload problem. When a user searches for
informationin OHCs, it isimportant to rank discussion threads
and posts and recommend to usersthe most relevant and hel pful
discussions. On the basis of the analysis of influence
relationships and the second observation, discussions that
contain influence rel ationships are more likely to provide hel pful
information and encourage patient engagement. Thus, the
presence of influence relationshipsisapositive factor in ranking.

Limitations

Our results are not without limitations. First, our definition of
relationship was based on 3 posts, including the initial post in
the thread. Therefore, we only identified the posts that had an
influence on the initial author. However, any 3 posts that have
asequential reply relationship with thefirst and third postsfrom
the same author can represent arelationship. We conjecture that
the proposed techniques can be used to identify influence
relationships among the generalized relationships and plan to
study that problem in the future. Second, in this study, we
considered text relevance between the postsin the relationship.
Sometimes, even though 2 posts, pg and pc, are relevant overall,
the specific sentence that has a question or future action
indication in p; may not be relevant to the suggestions in pg.
In addition, the current technique for future action detection
sometimes generates false positives. To address these issues,
wewill investigate how to leverage part-of-speech and reference
resolution techniques [47] to improve natural language
understanding.

Conclusions and Future Work

We studied the problem of identifying influence relationships
of web-based discussions and developed techniques and a
prototype system for identifying influence relationships in
OHCs. The proposed deep learning model demonstrates the
performance advantage of the compared methods. As future
work, wewill addressthe aforementioned limitationsto improve
the generality and accuracy of the proposed techniques.

This material is based on work partially supported by the Leir Foundation and a grant from the National Institutes of Health

(UL1TR003017).

Conflictsof Interest
None declared.

References

1. LiM, ShiJ, ChenY. Analyzing patient decision making in online health communities. In: Proceedings of the 2019 |EEE
International Conference on Healthcare Informatics. 2019 Presented at: ICHI '19; June 10-13, 2019; Xi'an, Chinap. 1-8.

[doi: 10.1109/1CHI.2019.8904879]

2. FanH, Smith SR, Lederman R, Chang S. Why people trust in online health communities: an integrated approach. In:
Proceedings of the 21st Australasian Conference on Information Systems. 2010 Presented at: ACIS '10; August 18-20,

2010; Yamagata, Japan.

3. KimHS, Mrotek A. A functional and structural diagnosis of online health communities sustainability: afocus on resource
richness and site design features. Comput Human Behav 2016 Oct;63:362-372. [doi: 10.1016/j.chb.2016.05.004]

4.  Demiris G. The diffusion of virtual communitiesin health care: concepts and challenges. Patient Educ Couns 2006
Aug;62(2):178-188. [doi: 10.1016/j.pec.2005.10.003] [Medline: 16406472]

https://www.jmir.org/2022/8/e30634

JMed Internet Res 2022 | vol. 24 | iss. 8 | €30634 | p. 11
(page number not for citation purposes)


http://dx.doi.org/10.1109/ICHI.2019.8904879
http://dx.doi.org/10.1016/j.chb.2016.05.004
http://dx.doi.org/10.1016/j.pec.2005.10.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16406472&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Lietd

5.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

Nasralah T, Noteboom C, Wahbeh A, Al-Ramahi MA. Online health recommendation system: asocial support perspective.
Dakota State University. 2017. URL: https.//scholar.dsu.edu/cgi/viewcontent.cgi 7article=1008& context=bi spapers [accessed
2022-06-10]

Ji X, Geller J, Chun S. Socia InfoButtons for patient-oriented healthcare knowledge support. In: Proceedings of the 2014
AMIA Annua Symposium. 2014 Presented at: AMIA '14; November 15-19, 2014; Washington, DC, USA.

Waterworth S, Luker KA. Reluctant collaborators: do patients want to be involved in decisions concerning care? J Adv
Nurs 1990 Aug;15(8):971-976. [doi: 10.1111/].1365-2648.1990.tb01953.x] [Medline: 2229694]

Hibbard JH, Greene J. What the evidence shows about patient activation: better health outcomes and care experiences,
fewer dataon costs. Health Aff (Millwood) 2013 Feb;32(2):207-214. [doi: 10.1377/hithaff.2012.1061] [Medline: 23381511]
Breast Cancer. Cancer Survivors Network. URL: https://csn.cancer.org/forum/127 [accessed 2022-06-10]

Yaraghi N, Wang W, Gao GG, Agarwal R. How online quality ratings influence patients’ choice of medical providers:
controlled experimental survey study. JMed Internet Res 2018 Mar 26;20(3):€99 [ FREE Full text] [doi: 10.2196/jmir.8986]
[Medline: 29581091]

Zhang D, Yue WT. Social media use in decision making: special issue of decision support systems for the 10th workshop
on e-business. Decis Support Syst 2014 Jul;63:65-66. [doi: 10.1016/].dss.2013.08.007]

Wu B, Jiang S, Chen H. Effects of individuals' motivations on communications in online health forums. Soc Behav Pers
2016 Mar 23;44(2):299-312. [doi: 10.2224/sbp.2016.44.2.299]

Pan W, Shen C, Feng B. You get what you give: understanding reply reciprocity and social capital in online health support
forums. JHealth Commun 2017 Jan;22(1):45-52. [doi: 10.1080/10810730.2016.1250845] [Medline: 28027009]

Li S, Feng B, Wingate VS. Give thanks for alittle and you will find alot: the role of a support seeker’s reply in online
support provision. Commun Monogr 2019;86(2):251-270. [doi: 10.1080/03637751.2018.1539237]

YuJ, HuY, YuM, Di Z. Analyzing netizens' view and reply behaviors on the forum. Phys A Stat Mech Appl 2010
Aug;389(16):3267-3273. [doi: 10.1016/j.physa.2010.03.043]

Tang X, Yang CC. Identifying influential usersin an online healthcare social network. In: Proceedings of the 2010 |EEE
International Conference on Intelligence and Security Informatics. 2010 Presented at: | Sl '10; May 23-26, 2010; Vancouver,
Canada p. 43-48. [doi: 10.1109/1S1.2010.5484779]

ChaM, Haddadi H, Benevenuto F, Gummadi K. Measuring user influence in Twitter: the million follower fallacy. Proc
Conf AAAI Artif Intell 2010;4(1):10-17.

Ishfag U, Khan HU, Igbal K. Identifying the influential bloggers: a modular approach based on sentiment analysis. J Web
Eng 2017;16(5-6):505-523.

Zhao K, Qiu B, Caragea C, Wu D, Mitra P, Yen J, et a. Identifying leaders in an online cancer survivor community. In:
Proceedings of the 21st Annual Workshop on Information Technologies and Systems. 2011 Presented at: WITS '11;
December 3-4, 2011; Shanghai, China p. 115-120.

Hou X, Lei CU, Kwok YK. OP-DCI: ariskless K-means clustering for influential user identificationin MOOC forum. In:
Proceedings of the 16th IEEE International Conference on Machine Learning and Applications. 2017 Presented at: ICMLA
'17; December 18-21, 2017; Cancun, Mexico p. 936-939. [doi: 10.1109/icmla.2017.00-34]

Zhao K, Yen J, Greer G, Qiu B, Mitra P, Portier K. Finding influential users of online health communities: a new metric
based on sentiment influence. JAm Med Inform Assoc 2014 Oct;21(e2):e212-e218 [FREE Full text] [doi:
10.1136/amiajnl-2013-002282] [Medline: 24449805]

Cercel DC, Trausan-Matu S. Opinion influence analysisin online forum threads. In: Proceedings of the 16th International
Symposium on Symbolic and Numeric Algorithms for Scientific Computing. 2014 Presented at: SY NASC '14; September
22-25, 2014; Timisoara, Romania p. 228-235. [doi: 10.1109/synasc.2014.38]

Qiu B, Zhao K, Mitra P, Wu D, Caragea C, Yen J, et a. Get online support, feel better--sentiment analysis and dynamics
in an online cancer survivor community. In: Proceedings of the |EEE 3rd International Conference on Privacy, Security,
Risk and Trust and |EEE 3rd International Conference on Social Computing. 2011 Presented at: Social Com '11; October
9-11, 2011; Boston, MA, USA p. 274-281. [doi: 10.1109/PASSAT/Social Com.2011.127]

Definition of influence. Merriam-Webster. URL : https.//www.merriam-webster.com/dictionary/influence [accessed
2022-06-10]

Kidd C, Hayden BY. The psychology and neuroscience of curiosity. Neuron 2015 Nov 04;88(3):449-460 [FREE Full text]
[doi: 10.1016/j.neuron.2015.09.010] [Medline: 26539887]

Palloff RM, Pratt K. Lessons from the Virtual Classroom: The Realities of Online Teaching. 2nd edition. Hoboken, NJ,
USA: John Wiley & Sons; 2013.

Adjei MT, Noble SM, Noble CH. Theinfluence of C2C communicationsin online brand communities on customer purchase
behavior. J Acad Mark Sci 2009 Nov 13;38(5):634-653. [doi: 10.1007/s11747-009-0178-5]

LiuY, Chen F, Chen Y. Learning thread reply structure on patient forums. In: Proceedings of the 2013 International
Workshop on Data Management & Analytics for Healthcare. 2013 Presented at: DARE '13; November 1, 2013; San
Francisco, CA, USA p. 1-4. [doi: 10.1145/2512410.2512426]

Huang PS, He X, Gao J, Deng L, Acero A, Heck L. Learning deep structured semantic models for web search using
clickthrough data. In: Proceedings of the 22nd ACM International Conference on Information & Knowledge Management.

https://www.jmir.org/2022/8/e30634 JMed Internet Res 2022 | vol. 24 | iss. 8 | €30634 | p. 12

(page number not for citation purposes)


https://scholar.dsu.edu/cgi/viewcontent.cgi?article=1008&context=bispapers
http://dx.doi.org/10.1111/j.1365-2648.1990.tb01953.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=2229694&dopt=Abstract
http://dx.doi.org/10.1377/hlthaff.2012.1061
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23381511&dopt=Abstract
https://csn.cancer.org/forum/127
https://www.jmir.org/2018/3/e99/
http://dx.doi.org/10.2196/jmir.8986
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29581091&dopt=Abstract
http://dx.doi.org/10.1016/j.dss.2013.08.007
http://dx.doi.org/10.2224/sbp.2016.44.2.299
http://dx.doi.org/10.1080/10810730.2016.1250845
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28027009&dopt=Abstract
http://dx.doi.org/10.1080/03637751.2018.1539237
http://dx.doi.org/10.1016/j.physa.2010.03.043
http://dx.doi.org/10.1109/ISI.2010.5484779
http://dx.doi.org/10.1109/icmla.2017.00-34
http://europepmc.org/abstract/MED/24449805
http://dx.doi.org/10.1136/amiajnl-2013-002282
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24449805&dopt=Abstract
http://dx.doi.org/10.1109/synasc.2014.38
http://dx.doi.org/10.1109/PASSAT/SocialCom.2011.127
https://www.merriam-webster.com/dictionary/influence
https://linkinghub.elsevier.com/retrieve/pii/S0896-6273(15)00767-9
http://dx.doi.org/10.1016/j.neuron.2015.09.010
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26539887&dopt=Abstract
http://dx.doi.org/10.1007/s11747-009-0178-5
http://dx.doi.org/10.1145/2512410.2512426
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Lietd

30.

31.

32.

33.

35.

36.

37.

38.

39.

40.

41.

42.
43.

45,
46.

47.

2013 Presented at: CIKM '13; October 27-November 1, 2013; San Francisco, CA, USA p. 2333-2338. [doi:
10.1145/2505515.2505665]

Shen'Y, He X, Gao J, Deng L, Mesnil G. Learning semantic representations using convolutional neural networks for Web
search. In: Proceedings of the 23rd International Conference on World Wide Web. 2014 Presented at: WWW '14 Companion;
April 7-11, 2014; Seoul, South Korea p. 373-374. [doi: 10.1145/2567948.2577348]

Hu B, Lu Z, Li H, Chen Q. Convolutional neural network architectures for matching natural language sentences. In:
Proceedings of the 27th International Conference on Neural Information Processing Systems - Volume 2. 2014 Presented
at: NIPS '14; December 8-13, 2014; Montreal, Canada p. 2042-2050.

Wang Y C, Kraut R, Levine JM. To stay or leave? The relationship of emotional and informational support to commitment
in online health support groups. In: Proceedings of the ACM 2012 Conference on Computer Supported Cooperative Work.
2012 Presented at: CSCW '12; February 11-15, 2012; Seattle, WA, USA p. 833-842. [doi: 10.1145/2145204.2145329]

Lu Z, Li H. A deep architecture for matching short texts. In: Proceedings of the 26th International Conference on Neural
Information Processing Systems - Volume 1. 2013 Presented at: NIPS '13; December 5-10, 2013; Lake Tahoe, NV, USA
p. 1367-1375. [doi: 10.7551/mitpress/11474.003.0014]

PangL, Lan, Guo J, XuJ, Wan S, Cheng X. Text matching asimage recognition. Proc Conf AAAI Artif Intell 2016 Mar
5;30(1):10341. [doi: 10.1609/aaai.v30i1.10341]

Devlin J, Chang MW, LeeK, ToutanovaK. BERT: Pre-training of deep bidirectional transformersfor language understanding.
arXiv 2018 Oct 11. [doi: 10.48550/arXiv.1810.04805]

Efron M, Winget M. Questions are content: a taxonomy of questions in a microblogging environment. Proc Am Soc Info
Sci Tech 2011 Feb 03;47(1):1-10. [doi: 10.1002/meet.14504701208]

Liu Z, Jansen BJ. Questioner or question: predicting the response rate in social question and answering on Sina Weibo. Inf
Process Manag 2018 Mar;54(2):159-174. [doi: 10.1016/j.ipm.2017.10.004]

Ranganath S, Hu X, Tang J, Wang S, Liu H. Identifying rhetorical questionsin social media. Proc Conf AAAI Artif Intell
2016;10(1):667-670.

Ranganath S, Hu X, Tang J, Wang S, Liu H. Understanding and identifying rhetorical questionsin social media. ACM
Trans Intell Syst Technol 2018 Mar 31;9(2):1-22. [doi: 10.1145/3108364]

Ojokoh B, Ighe T, Araoye A, Ameh F. Question identification and classification on an academic question answering site.
In: Proceedings of the 16th ACM/IEEE-CS on Joint Conference on Digital Libraries. 2016 Presented at: JCDL '16; June
19-23, 2016; Newark, NJ, USA p. 223-224. [doi: 10.1145/2910896.2925442]

Bird S, Loper E. NLTK: the natural language toolkit. In: Proceedings of the ACL Interactive Poster and Demonstration
Sessions. 2004 Presented at: ACL '04; July 21-26, 2004; Barcelona, Spain p. 214-217.

Goodfellow I, Yoshua B, Courville A. Deep Learning. Cambridge, MA, USA: MIT Press; Nov 2016:4.

Kingma DP, Ba J. Adam: a method for stochastic optimization. In: Proceedings of the 3rd International Conference on
Learning Representations. 2015 Presented at: ICLR '15; May 7-9, 2015; San Diego, CA, USA.

MingdalLi, Jinhe Shi, Yi Chen. NJI T-Al-in-Healthcare/ Influence-Rel ationship-Classification. GitHub. 2022 Feb 27. URL :
https://github.com/NJI T-Al-in-Heal thcare/| nfluence-Rel ationshi p-Cl assifi cation [accessed 2022-06-10]

Scrapy. URL: https://scrapy.org/ [accessed 2022-06-10]

Krizhevsky A, Sutskever I, Hinton GE. ImageNet classification with deep convolutional neural networks. Commun ACM
2017 Jun;60(6):84-90. [doi: 10.1145/3065386]

Liu, Shi J, Chen Y. Patient-centered and experience-aware mining for effective adverse drug reaction discovery in online
health forums. J Assoc Inf Sci Technol 2017 Sep 22;69(2):215-228. [doi: 10.1002/asi.23929]

Abbreviations

ARC-I: Architecture-|

ARC-II: Architecture-l

BERT: Bidirectional Encoder Representations from Transformers
CSN: Cancer Survivors Network

DSSM: Deep Structured Semantic Models

OHC: online health community

PR AUC: areaunder the precision-recall curve

ROC AUC: areaunder the receiver operating characteristic curve

https://www.jmir.org/2022/8/e30634 JMed Internet Res 2022 | vol. 24 | iss. 8 | €30634 | p. 13

(page number not for citation purposes)


http://dx.doi.org/10.1145/2505515.2505665
http://dx.doi.org/10.1145/2567948.2577348
http://dx.doi.org/10.1145/2145204.2145329
http://dx.doi.org/10.7551/mitpress/11474.003.0014
http://dx.doi.org/10.1609/aaai.v30i1.10341
http://dx.doi.org/10.48550/arXiv.1810.04805
http://dx.doi.org/10.1002/meet.14504701208
http://dx.doi.org/10.1016/j.ipm.2017.10.004
http://dx.doi.org/10.1145/3108364
http://dx.doi.org/10.1145/2910896.2925442
https://github.com/NJIT-AI-in-Healthcare/Influence-Relationship-Classification
https://scrapy.org/
http://dx.doi.org/10.1145/3065386
http://dx.doi.org/10.1002/asi.23929
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Lietd

Edited by R Kukafka; submitted 03.06.21; peer-reviewed by SLiu, G Lim; comments to author 02.08.21; revised version received
05.10.21; accepted 21.03.22; published 31.08.22

Please cite as:

Li M, Shi J, ChenY

Identifying Influences in Patient Decision-making Processes in Online Health Communities; Data Science Approach
J Med Internet Res 2022;24(8):€30634

URL: https://www.jmir.org/2022/8/€30634

doi: 10.2196/30634

PMID:

©Mingda Li, Jinhe Shi, Yi Chen. Originaly published in the Journal of Medical Internet Research (https.//www.jmir.org),
31.08.2022. This is an open-access article distributed under the terms of the Creative Commons Attribution License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work, first published in the Journa of Medica Internet Research, is properly cited. The complete bibliographic
information, alink to the original publication on https://www.jmir.org/, as well as this copyright and license information must
be included.

https://www.jmir.org/2022/8/e30634 JMed Internet Res 2022 | vol. 24 | iss. 8 | €30634 | p. 14
(page number not for citation purposes)

RenderX


https://www.jmir.org/2022/8/e30634
http://dx.doi.org/10.2196/30634
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

