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Abstract. This work studies sentiment transitions on an online medical forum
where users correspond in English. We work with discussions dedicated to repro-
ductive technologies, an emotionally-charged issue. We analyze authors’ activity
on the forum, communication flow in discussions and sentiment flow in con-
secutive messages. We show how sentiment transitions can be successfully used
to disambiguate sentiments. In several learning problems, we demonstrate that
multi-class sentiment classification significantly improves when messages are
represented by combination of affective terms and sentiment transitions (paired
t-test, P=0.0011).

1 Introduction

Online public forums discuss personal experience and often convey the senti-
ments and emotions of the forum participants. Personal sentiments expressed
in the posted messages1 set interaction patterns among the members of online
communities and have a strong influence on the public mood [7, 20].

In health-related online communities, emotional factors may prevail over the
informative content. Surveys of medical forum participants revealed that per-
sonal testimonials attract attention of up to 49% of participants, whereas only
25% of participants are motivated by scientific and practical content [3]. In a
manual survey of online infertility support groups, empathy and shared personal
experience constituted 45.5% of content, gratitude – 12.5%, recognized friend-
ship with other members – 9.9%, whereas the provision of information and
advice and requests for information or advice accounted for 15.9% and 6.8%
respectively [15]. Shared online emotions can improve personal well-being and
empower patients in their battle against an illness [8, 14].

Sentiment transition has become a popular topic in sentiment analysis fol-
lowing maturity of online communities and availability of relevant data [19]. It
has been shown that accuracy of sentiment classification in consecutive mes-
sages strongly depends on the topic of debates and can vary from 53% to 69%,

1 Terms “messages” and “posts” are equivalent in this work.
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with 60% accuracy obtained on health care discussions [2]. Most of such stud-
ies work with only positive and negative polarity and analyze propagation of
positive and negative sentiments [12, 10].

In this study, conducted on forums where users communicate in English,
we work with the categories of encouragement, gratitude, confusion, facts, en-
dorsement and analyze how sentiments change in consecutive messages. Below
is an example of the data we study:
im spotting more brown today... its darker brown and more of it. I’m terrified and so sad. Had to

work all day and I was just fighting back the tears all day. I don’t know how to do this anymore

and put on that fake smile every day and act like I’m just a happy person when my heart is break-

ing on the inside. confusion
Have you tested yet? I know a lot of people get this brown spotting, and even red, and are still

pregnant. It’s so hard going through this, I hope it works out for the best for you. encouragement

The paper is organized as follows: in section 2 we describe related work,
followed by data analysis in section 3, then we present our sentiment transition
and sentiment classification results in sections 4 and 5, and our discussion and
conclusions in sections 6 and 7.

2 Related Work

Sentiment analysis of health-related messages has been stipulated by the de-
mands of policy-makers and the emergence of infoveillance and infodemiology
[6, 17]. Health-related affects and emotions are often analyzed on Twitter data
[6, 5] and public forums dedicated to health [1, 11, 15]. Further, we limit the
discussion to research areas directly relevant to the current project.

The studies of sentiment propagation in social networks is an emerging area
of sentiment analysis [7, 19]. Results obtained for three online communities
have shown that the original polarity is preserved in the follow-up posts: neg-
ative posts mainly trigger negative follow-ups, positive posts - positive follow-
ups, and neutrality brings forth neutrality [7]. Sentiment propagation between
two Twitter interlocutors has been studied in several works, [13] being the most
cited. In it, the authors selected sequences of tweets (aka chains) based on pos-
itive and negative emoticons. These chains were analyzed for the propagation
of 6 emotions: love, joy, surprise, anger, sadness, and fear. Our current study is
different in 3 aspects: we study discussions carried out by many participants, the
text of forum messages is quite different from tweets, and we analyze another
set of sentiment categories.

In sentiment analysis of health-related messages, some studies only manu-
ally analyze the data [15] or use a keyword search without discussing sentiment
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annotation [6, 9]. We, on the other hand, present results of sentiment annotation
and compare them with machine learning results.

General and domain-specific affective lexicons were used by [11] and [18].
Both studies showed a preference for domain-specific lexicons over general lex-
icons. [11] applied SentiWordNet, Subjectivity Lexicon and a polarized domain
lexicon to classify drug reviews into positive, negative and neutral. Combina-
tion of the three lexicons produced the best classification of positive reviews
(F-scorepos = 0.62) and the best classification of negative reviews (F-scoreneg =
0.32); the authors did not report the overall classification results. [18] adapted
Pointwise Mutual Information to build a domain lexicon HealthAffect. In 6-
class sentiment classification, HealthAffect produced an F-score = 0.52 whereas
WordNetAffect produced an F-score = 0.30. [2] automatically classified differ-
ence in opinions within discussion threads. They represented text by unigrams,
Linguistic Inquiry and Word Count (LIWC), and the MPQA dictionary. For
HealthCare discussions the best accuracy 60.64% was achieved when the text
was represented by LIWC. At the same time, classification of health-related sen-
timents is mainly constrained to individual messages. Our work on sentiment
transitions goes beyond individual messages.

Few publications discussed manual annotation of sentiments in online mes-
sages. Topic-specific opinions in blogs were evaluated in [16]. Agreement among
seven manual annotators was computed for five classification categories, includ-
ing positive, negative, mixed opinions and non-opinionated and non-relevant
categories. [5] asked multiple annotators to categorize tweets into positive and
negative sentiments and neutral tweets. Manual annotation was applied in multi-
class sentiment classification in [18]. The cited works did not consider how am-
biguous annotations should be re-solved. Our study, on other hand, suggests a
disambiguation procedure to resolve annotation conflicts.

3 Discussion Data and Sentiment Categories

We work with data obtained from the In Vitro Fertilization (IVF) website2. The
data was introduced in [18] and became available on demand. On the IVF fo-
rum, 95% of the participants are women. Amidst high emotional tension, the
participants discuss IVF treatment, fertility clinics, medications and expected
outcomes, as shown in the example in Section 1. We analyze discussions from
the IVF Ages 35+ sub-forum3. Discussions with < 10 posts usually consisted
of a question and factual replies. Discussions with > 20 posts usually ventured
outside the initial topic. As a result, we kept 80 discussions, with 10 – 20 posts

2 www.ivf.ca/forums
3 http://ivf.ca/forums/forum/166-ivf-ages-35
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each, and 1322 posts for analysis; the average was 17 posts per discussion. In
total, 359 participants contributed to these discussions.

We implemented a two-step process of sentiment annotation. In the first
step, annotators were asked to mark messages in an unsupervised manner (i.e.,
we did not provide them with pre-set sentiment categories). The result was a se-
lection of 35 types of sentiments, including worry, concern, doubt, impatience,
support, hope, happiness, enthusiasm, thankfulness. In the next step, we gradu-
ally generalized them into three groups:

confusion including worry, concern, doubt, impatience, uncertainty, sadness,
anger, embarrassment, hopelessness, dissatisfaction,dislike;

encouragement including cheering, support, hope, happiness, enthusiasm, ex-
citement, optimism;

gratitude including thankfulness.

Each post was independently assigned by two annotators with one domi-
nant sentiment. The annotators reached a strong agreement with Fleiss Kappa =
0.737. If annotators assigned a message to different categories, the message was
labeled ambiguous.

Note that the three sentiment categories did not have explicitly negative sen-
timents; instead, we considered confusion as a non-positive label whereas en-
couragement and gratitude were considered as positive labels. A special group
of sentiments was presented by expressions of compassion, sorrow, and pity.
According to the WordNetAffect classification, these sentiments should be con-
sidered negative. However, in the context of health discussions, these emotional
expressions appeared in conjunction with moral support and encouragement.
Hence, we treated them as a part of encouragement.

As expected, not all posts were predominantly sentimental. Participants speak
about treatment outcomes, share details about medical procedures and clinics,
and discuss symptoms and conditions. Messages presenting only factual infor-
mation were marked as facts. Some posts contained factual information fol-
lowed by emotional utterances. Those utterances almost always conveyed sup-
port and implicit approval (“hope, this helps”, “I wish you all the best”, “good
luck”). We called this category of messages endorsement. Facts were found to
be the most frequent category, with 433 messages, followed by encouragement
– 310 messages, endorsement – 162, gratitude – 124, confusion, with 117 mes-
sages, was found to be the least frequent category. There were 176 ambiguous
messages on which annotators did not agree on the label.

Edges of the graph G in Figure 1 show all possible transitions between the
sentiments, whereas the node sizes are proportional to sentiments’ volumes. Fur-
ther, we aim to answer two questions:
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Fig. 1. Possible transitions among the sentiments in discussions.

1. What sentiment transitions do occur in discussions? It is quite possible that
not every sentiment is transitioned in to every other sentiment or itself.

2. How probable are those transitions?

4 Sentiment Transition in the Forum Discussions

Forum discussions are intrinsically heterogenous. A large number of partici-
pants, many of whom added only one or two messages and the time delay (the
last message can be posted weeks or even months after the first one) might
weaken relations between messages and the expressed sentiments. We observed
that the discussion could start by one participant expressing her doubts and con-
cerns, continued by describing a treatment and come to a conclusion by the
announcement of the results. All these cornerstone messages received corre-
sponding replies. Within discussions messages were related: every posted mes-
sage answered to one or several previous messages, and in many cases did not
diverge from the discussed topic. At the same time, new participants were bring-
ing new ideas and emotions. It is natural to expect that in discussions the first
messages and last messages will have a pronounced difference, including as-
signed sentiments.

In online communities, the most active participants significantly influence
the forum discussions [19, 20]. In our data, the 15 most active authors posted 15–
50 messages each. Together this comes to 387 messages, or 29.3 % of the 1322
analyzed messages. We call these authors “prolific”. Their posts mostly con-
tained factual information and encouragement. Typically, 86% messages would
be equally divided between facts and encouragement and 7% – between confu-
sion and gratitude.

Some prolific authors were adding posts with information and moral support
to various discussions. However, most started at least one discussion describing
their own problems and expressing concern and worry. In messages posted by
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the prolific authors, confusion appeared less than other sentiments: 20 posts in
total, or 5.2% of their messages. However, gratitude was the least frequent senti-
ment among the authors: 7 authors had no posts marked as gratitude. In contrast,
only 4 prolific participants had no posts marked as confusion.

Among the authors, 10 authors were less emotional and 5 were more emo-
tional. The 10 authors who requested information in a less emotional manner
obtained similar neutral factual responses. The 5 authors with a comparatively
large number of posts marked confusion (16 posts combined) had also a con-
siderable number of posts marked as gratitude (17 posts combined). Their mes-
sages contained much more emotions and received similar replies which ex-
pressed compassion and moral support. Appreciation of this support was shown
by responses of thankfulness and gratitude. The pie charts below display the
proportions of sentiments found in first messages, last messages, all messages
and in messages of the prolific authors.

ambiguous; 26%

confusion; 56%

endorsement; 1%

facts; 16%

First messages

ambiguous; 16%

confusion; 1%

encouragement; 25%

endorsement; 8%

facts; 39%

grat tude; 11%

Last messages

ambiguous; 13%

confusion; 9%

encouragement; 23%

endorsement; 12%

facts; 33%

grat tude; 9%

All messages

ambiguous; 16%

confusion; 5%

encouragement; 25%

endorsement; 12%

facts; 34%

grat tude; 7%

Messages of prolif c authors 

We collected information about changes of sentiments during discussions.
We built a matrix A where an element aij shows occurrence of a message with
sentiment i (rows) being followed by a message with sentiment j (columns) (the
left side of Table 1). The row “start” indicates sentiments of the first messages
of the discussions; the column “end” indicates sentiments of the last messages
of the discussions. Note that barring 0s for encouragement and gratitude in the
start row, the other elements of matrix A are non-zero. This means that there
exists at least one transition between every pairs of categories. Relating matrix
A with the graph G (Figure 1), we show that the sentiment transitions form a
strongly connected balanced digraph, where for each node its indegree (i.e., the
number of head points) is equal to its outdegree (i.e., the number of tail points).

Based on the transition matrix A, we built a stochastic matrix P by divid-
ing each value by the row total. This matrix of probabilities forms a first-order
Markov model, where the probability of each category of message depends on
the nature of the previous message (the right side of Table 1). For each category,
we mark in bold the greatest probability of the next category and in italics – the
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The transition matrix of sentiments The matrix of sentiment transition probabilities
prev ambig confus encour endors facts gratit end ambig confus encour endors facts gratit end
start 21 45 0 1 13 0 0 0.27 0.57 0.00 0.02 0.17 0.00 0.00
ambig 39 8 44 19 51 7 13 0.22 0.05 0.25 0.11 0.29 0.04 0.01
confus 14 23 31 20 39 3 1 0.11 0.18 0.24 0.16 0.30 0.03 0.01
encour 34 7 112 31 47 41 20 0.12 0.03 0.39 0.11 0.17 0.15 0.07
endors 9 7 28 33 58 16 6 0.06 0.05 0.18 0.22 0.37 0.11 0.04
facts 45 7 59 46 197 40 31 0.11 0.02 0.14 0.11 0.47 0.10 0.08
gratit 13 9 36 12 28 17 9 0.11 0.08 0.30 0.10 0.23 0.14 0.08
Table 1. Transitions of sentiments in discussions. For each category, the greatest transition prob-
ability is in bold, the smallest is in italics.

smallest probability of the next category; these probabilities are also shown in
Figure 2. Figure 3 showes the most likely sentiments at the beginning and the
end of discussions.

Encour

Grat t

Confus
Facts

Endors

Ambig

0.39

0.03

0.05

0.37

0.30

0.03
0.47

0.02

0.30

0.04

0.08
0.29

Fig. 2. Greatest and smallest transition probabil-
ities for each category

Confus Facts

Start

Facts Facts

End

Ambig Facts

EncourEncour

Fig. 3. Most likely beginning and end of discus-
sions

Sentiment transitions show that two categories tend to reinforce themselves:
encouragement is most frequently followed by encouragement, and facts – by
facts. On other hand, confusion and gratitude trigger an emotional change in dis-
cussions: confusion is most often followed by facts, and gratitude – by encour-
agement. A message of confusion is very rarely followed by one of gratitude or
appears at the end of the discussion.

5 Sentiment Classification

In this section, we test how accurately Machine Learning algorithms can recog-
nize the sentiments introduced in Section 3. We solve four multi-class classifi-
cation problems:
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6-class classification where 1322 posts are classified into confusion, encour-
agement, endorsement, gratitude, facts, ambiguous

5-class classification where the ambiguous class is removed and the remaining
1146 posts are classified into the other 5 classes.

4-class classification where 1322 posts are grouped as follow: facts and en-
dorsement classes make up a (factual) class, encouragement and gratitude
classes become a positive class, and the confusion and ambiguous classes
remain.

3-class classification where 176 ambiguous messages are removed, and the re-
maining 1146 messages are classified as positive, confusion or factual as in
4-class classification.

Note that these problems treat relations between the categories differently:

– 6- and 5-class classifications ignore relations between categories and treat
all correct and erroneous outputs in the same way;

– 3- and 4-class classifications acknowledge that some categories are closer
to each other than to the others others and recognize these relations in the
output results.

We assessed the results by computing multi-class Precision (Pr), Recall (R),
and F-score (F). Labeling all examples as the majority class gave the baseline
evaluation: 6-class – F=0.162, 5-class – F=0.207, 4-class – F=0.281, and 3-
class – F=0.356. For the benchmark comparison with other sentiment analysis
methods, we represented our data by SentiWordNet; this representation had 4
039 attributes. We compared Decision Trees, K-Nearest Neighbor, Naive Bayes
and Support Vector Machines (SVM) and applied 10-fold cross-validation to
select the best classifier. SVM outperformed other classifiers. Here we report
the results obtained by SVM.

We tested three types of message representation:

1. sentiment transition, where messages are represented by two attributes whose
values are categories assigned by each annotator to the previous message,
two attributes whose values are categories assigned by each annotator to the
next message, and three attributes showing whether the previous, current
and next messages are first, middle, or last ones – 7 attributes altogether;

2. affective words, where we represent messages through a domain-specific
lexicon HealthAffect (Section 2); this representation had 1 193 attributes;

3. combination of the two representations, with 1 200 attributes.

Our experiments show that encouragement, gratitude, confusion, facts, and
endorsement can be successfully recognized by machine learning algorithms.
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Representation # 6-class 5-class 4-class 3-class
attr. P R F P R F P R F P R F

SentiWordNet 4039 0.385 0.405 0.387 0.485 0.485 0.478 0.502 0.525 0.509 0.632 0.635 0.631
Sentiment transit. 7 0.395 0.408 0.356 0.441 0.458 0.414 0.475 0.528 0.489 0.620 0.620 0.605
HealthAffect 1193 0.402 0.416 0.405 0.496 0.494 0.491 0.501 0.517 0.505 0.628 0.620 0.620
HealthAffect and 1200 0.431 0.430 0.423 0.512 0.513 0.511 0.541 0.549 0.549 0.663 0.653 0.660
sentiment transit.
Table 2. Results of multi-class sentiment classifications. For each problem, the best P, R and F
are in bold. The baseline: 6-class – F=0.162, 5-class – F=0.207, 4-class – F=0.281, and 3-class –
F=0.356.

On the three representations and in solution of all the four problems, we ob-
tained better results than the baseline and the benchmark. Our results are compa-
rable or better than those reported in multi-classification studies [1, 2, 18]. Table
2 reports the results. It is not surprising that in all representations 6 classes were
classified with the lowest F-score. Another anticipated result was achieved for
3 classes which were classified with the highest F-score on each representation.
For 6- and 5- class classification, multi-categorical HealthAffect performed bet-
ter than polarity-oriented SentiWordNet. On 4- and 3-class classification where
the emphasis was on differentiation between positive and negative sentiments,
SentiWordNet outperformed HealthAffect.

The obtained results show that information on sentiment transition is crit-
ical for reliable sentiment classification. Although sentiment transitions were
represented by 7 attributes, they provided for the results which were not statis-
tically different from the results obtained on the 1 193 affective terms (paired
t-test, P=0.1152). On the other hand, the combination of sentiment transition
attributes and affective terms provided for more significant results than affective
terms (paired t-test, P=0.0011). This analysis shows that a Markov model of
sentiment transition can be used to find the most likely class of message when
the classifier was unable to do this definitively. Conditional Random Fields are
another type of classifier which takes into account that the classes of different
members of a sequence or pattern might depend on each other [4].

6 Discussion

In this study we encountered challenges that do not usually arise when sentiment
classification is simply viewed through a prism of positive and negative polarity.
Our first challenge came from the wide range of emotions found in the mes-
sages. Working with the data, the annotators perceived worry, concern, doubt,
impatience, uncertainty, sadness, anger, embarrassment, hopelessness, dissatis-
faction, compassion, sorry, hope, happiness, enthusiasm, excitement, optimism,
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gratitude, etc. We wanted to generalize the found sentiments in a meaningful
way and reduce their number. The final set of sentiments had to satisfy two re-
quirements: it had to be adequate to cover the emotional characteristics of the
messages; it should should be small enough to allow the automated learning
of sentiments. Our set of categories encouragement, gratitude, confusion, facts,
endorsement was a trade-off between the two requirements.

Another challenge was intrinsic to medical forums where most participants
are dealing with health-adverse issues. Their messages provide a health-related,
factual content within a highly-emotional context. A message could start with
doubts, then list some pragmatic details and end on a much brighter note. This
multi-emotionality mixed with the facts was the main source of ambiguous man-
ual annotations. To overcome this challenge, we suggest possible solutions, each
having its pros and cons:
1. use a sentence-level annotation where every sentence in the message is la-
beled with one sentiment; pros – the annotation unit becomes smaller and more
succinct, thus it should be easier for annotators to identify emotions; cons – the
number of annotation units raises exponentially, which will cause a considerable
increase in labor and annotation time;
2. keep a message-level annotation and use multiple labels for a message (e.g.,
facts and confusion, gratitude and facts); pros – while working with messages,
annotators use a larger content to identify sentiments; cons – multi-labeled
learning requires exponentially more training data than classification.
Another challenge is the portability of our study to a larger data set. When pre-
dicting sentiment of a message in a thread, we used the manual annotations of
sentiments directly as features. Due to manual labeling costs, this is unrealis-
tic in a real world setting. To reduce the costs, we hypothesize that classifying
sentiments of adjacent messages can be done either through active learning or
semi-supervised learning. The choice will depend on the accuracy of the senti-
ment classification.

7 Conclusions and Future Work

We have focused on sentiment transition in public discussions on online med-
ical forums. We have identified a set of sentiments that represents emotions
expressed by the forum participants. We have shown that there is at least one
transition between each pair of sentiments. Solving a series of multi-class sen-
timent classification problems, we demonstrated that 7 attributes of sentiments
transitions provided for the results which were not statistically different from
the results obtained on the 1 193 affective terms (paired t-test, P=0.1152). At
the same time, adding sentiment transitions to affective terms in message rep-
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resentations statistically improved the results (paired t-test, P=0.0011). We also
analyzed the sentiment distribution in the forum discussions and worked closely
with the messages written by prolific authors.

Our results on sentiment distribution and sentiment transition can be used
in an emerging field of social mining, especially to domains where participants
post emotionally-charged messages (e.g., ecology, climate change). A Markov
model can help in disambiguation when the annotators disagree on the mes-
sage sentiments. This can be done by analogy with the CLAWS part-of-speech
disambiguator. Although the annotators reached a strong agreement in assign-
ing sentiments to the messages, 176 messages, or 13.3% of data, were assigned
different sentiments, thus labeled as ambiguous. To resolve the disagreement
problem, we can evoke probabilities from Table 1. Consider the following ex-
ample:
For thread A, the annotators disagree on the first post – one decided confu-
sion, the other facts. Which one was most probably correct? We know that this
message was at the very start of the thread, and we also know that the second
message was classed as facts by both annotators. Assuming that at least one an-
notator was correct in each case, we must decide which sequence is the more
likely to start the discussion: confusion → facts, or facts → facts. For both se-
quences, we find the product of the probabilities of each step in the path. The
probability of the first path is 0.17 (calculated above). For the other path, the
product of the transition probabilities is 0.17 x 0.47 = 0.08. Thus the relative
likelihood of the two paths is in the ratio 0.17:0.08, meaning that the sequence
confusion → facts is the more likely (and thus the first message is more likely
to be confusion than facts). The same method can be used when automatic clas-
sifiers cannot give a definitive class decision. In cases where there are many
different annotations for a long sequence of messages there will be too many
possible sequences to find the most probable by trying them all out in turn, so a
“short cut” like the Viterbi algorithm would be used, which would only consider
certain “most promising” paths.

Although study of affective lexicons was not the main goal of this work, we
have noticed that a smaller number of HealthAffect terms provided for compa-
rable or better results than a considerably large number of SentiWordNet terms.
We suggest further exploration of what set of the affective terms can better rep-
resent messages in learning experiments.
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