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ABSTRACT

Comparative Effectiveness Research (CER) is defined as the
generation and synthesis of evidence that compares the ben-
efits and harms of different prevention and treatment meth-
ods. This is becoming an important field in informing health
care providers about the best treatment for individual pa-
tients. Currently, the two major approaches in conducting
CER are observational studies and randomized clinical tri-
als. These approaches, however, often suffer from either
scalability or cost issues.

In this paper, we propose a third approach of conducting
CER by utilizing online personal health messages, e.g., com-
ments on online medical forums. The approach is effective in
resolving the scalability and cost issues, enabling rapid de-
ployment of system to identify treatments of interests, and
developing hypotheses for formal CER studies. Moreover, by
utilizing the demographic information of the patients, this
approach may provide valuable results on the preferences of
different demographic groups. Demographic information is
extracted using our high precision automated demographic
extraction algorithm. This approach is capable of extracting
more than 30% of users’ age and gender information.

We conducted CER by utilizing personal health messages
on breast cancer and heart disease. We were able to generate
statiatically valid results, many of which have already been
validated by clinical trials. Others could become hypothesis
to be tested in future CER research.

General Terms

CER, Comparative Effectiveness Research, Personal Health
Messages, Sentiment Analysis, Demographics Extraction

1. INTRODUCTION
Comparative Effectiveness Research (CER) is defined as

the generation and synthesis of evidence that compares the
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benefits and harms of alternative methods to prevent, di-
agnose, treat, and monitor clinical conditions or to improve
the delivery of care. The ultimate goal of CER is in assisting
consumers, clinicians, purchasers and policy makers to make
informed decisions that will improve health care at both the
individual and population levels [34]. The American Re-
covery and Reinvestment Act of 2009 (ARRA) allotted $1.1
billion to support this form of research [38]. Various studies
have been done in this area, mainly in the form of clinical
trials [26] or observational studies [12].

The two approaches to conducting CER, however, are not
without their weaknesses. Randomized trials often allow
for accurate comparison, but are expensive to conduct [27]
and not very scalable, therefore have to be conducted with
caution (e.g., with valid, well-motivated hypotheses). Ob-
servational studies using patient records, on the other hand,
have potential privacy issues that need to be taken into ac-
count. Also they are often conducted in distributed research
networks (DRNs) and are subject to different state laws and
regulations as well as institution-specific policies [23, 40].

We propose using online personal health messages (e.g.,
online forum posts, blog posts, product reviews) in conduct-
ing CER research. These are defined as online posts that are
generated by patients and exclude those that are written by
experts. The benefits of using personal health messages are
four-fold. First, in contrast to the limited granulairty of ran-
domized trials, it is possible to utilize a ‘big data’ approach
to conduct these studies. In each of the population studies
that we have conducted, we were able to collect health mes-
sages from tens of thousands of patients over a period of five
years. On the other hand, experiments are conducted on the
order of tens to hundreds in randomized clinical trials, often
spanning a shorter period of time. It is further worth not-
ing that Medhelp is not the only source of personal health
messages. There are other medical forums such as those
from WebMD or HealthBoards which can be aggregated to
broaden the cohort pool.

Second, personal health messages may reflect the latest
trends in treatments. Studies showed it is possible to cluster
or predict adverse drug effects by using health messages [10,
22], many of which were out on the market for only a few
years.

Third, personal health messages are publicly available on
various sites with various samples, which allows repeated
experiments. Neither the results from randomized trials nor



observational studies can easily be replicated without devot-
ing significant amount of resources.

Finally, online health messages often provide individual
contexts such as the demographic information of the mes-
sage source, either explicitly or implicitly, in the statements
or personal profile, which can be extracted by text process-
ing methods. It allows the generation of results on the pref-
erences of different demographic groups, which may solve
difficulties faced by traditional CER research. In clinical tri-
als, without ways of generating valid hypotheses, one has to
exhaustively examine all groups, which is impractical with-
out a large and well-planned sample.

In summary, CER using personal health messages can be
used as a breadth-first-search approach in searching for po-
tential differences in effectiveness. If the results indicate sta-
tistical significance, a further in-depth, comprehensive study
such as observational, or random trial studies can be con-
ducted, guiding CER research to efficiently allocate its re-
source.

Our main contribution in this paper is as follows.

• We propose a cost-effective and scalable method of con-
ducting CER via personal health messages.
• We demonstrate this approach is consistent with existing
literature in breast cancer and heart disease treatments.
• We propose a precise age and gender extraction approach,
showing how these approaches can be used in aggregating
users’ preference towards treatments of interest.

Our paper is organized as follows. Section 2 details some
of the existing work done in CER, data mining and infor-
mation retrieval. In Section 3, we describe the dataset and
keywords that are used in our CER studies. The three stud-
ies – author comparison, population comparison, and de-
mographics comparison – are defined in Section 4. An age
extraction algorithm is explained in the next section. We
then show CER results in Section 6, and conclude and pro-
vide future work in Section 7.

2. RELATED WORK
One criterion for CER research is to conduct research

on a general population [30] rather than a specialized one
that has preexisting symptoms. It is further recommended
that an adequate number of all relevant population and pa-
tient subgroups be covered so that particular medication
can accurately be administered to the group of interest. In
our study, we compared various coronary and breast can-
cer treatments, both covering the effectiveness in population
and demographics level. Comparing treatment options for
these sicknesses are on the list of important CER research
questions to answer [30].

Some comparative studies have been done for both heart
disease [9, 11] and breast cancer [42, 14, 16]. Some stud-
ies compared the effectiveness of drugs [15, 28, 11, 42, 14]
without examining the demographic information of the sam-
ple. In our work, these types of studies correspond to pop-
ulation effectiveness study. Some other classes of studies
compared drug effectiveness between different demographic
groups [11], or compared multiple drugs within a particular
group [28, 9]. These allow deciding which medication works
best for the given groups of interest. Our approach is also
capable of conducting demographic comparison study.

There has been various work using personal health mes-
sages to detect health issues. For example, some work uti-

lized Twitter in detecting trends in disease epidemics [31, 5,
33, 13]. This line of work demonstrated how the particular
rise and fall of epidemic can be modeled over time or loca-
tion. Another line of work focused on opinions of various
treatments [10, 22], both of which were done in our research
group. This work has analyzed how people feel about a
particular line of medications over time [10], or summarized
what users feel about particular medications [22] based on
their aspects. Our current work is different from these as we
compare treatments directly both on population and on de-
mographic level. Furthermore, the previous approaches have
focused on providing qualitative results via natural language
processing techniques while the current work focuses more
on quantitative comparative results.

3. PROBLEM SETTING

3.1 Medical Forum Dataset Description
We chose MedHelp1 posts to conduct our CER study.

MedHelp is an online forum where patients and health providers
discuss various health-related topics and has over one million
health messages. Patients post questions regarding specific
health problems or questions, and other patients or experts
answer them.

We chose breast cancer and heart disease in conducting
CER studies because both of the disease are fairly com-
mon and of immediate interest. Over 80 million adults have
heart related problems [4] and more than 200,000 American
women are diagnosed annually with breast cancer [1].

MedHelp has two major types of forums of interest: sup-
port forums and expert forums. Support forums are mostly
run by patients who give or seek advise. Expert forums, on
the other hand, have certified doctors who give suggestions
based on what the patients post. Compared to the support
forums, expert forums have less participants per thread. In
conducting our research, we used both the support and ex-
pert forums. MedHelp allows distinguishing between experts
and regular users. We have removed all posts by experts and
utilized only those that are written by regular users to com-
ply with the definition of personal health messages. There
were 40,996 and 98,644 posts in breast cancer and heart dis-
ease forums, respectively. An average user wrote 2.69 and
2.30 posts on each of the two forums. The posts were mostly
in the forms of question/advise-seeking and answering.

Because some forums cover similar topics, we are able to
aggregate some of these together. We combined ‘Breast can-
cer support forums’ and ‘Breast cancer expert forums’ into
the data we ran breast cancer related CER studies on. ‘CAD
support forums,’ ‘CHF support forums,’ and ‘Heart disease
support forums’ and ‘Heart disease expert forums’ were com-
bined in running CER studies on heart disease.

3.2 Treatments used in CER study
The treatment classes we investigated on are anticoag-

ulants, blockers, devices, and inhibitors for heart disease,
and hormonal, radiation, and chemotherapy treatments for
breast cancer. We employed a top-down and a bottom-up
approach in collecting keywords that are utilized in each
treatment class. For the top-down approach, we used treat-
ment descriptions from Mayo Clinic [2] and WebMD2 in

1http://www.medhelp.org
2http://www.webmd.com



the ‘treatments’ session for breast cancer and heart dis-
ease to collect keywords. For the buttom-up approach, we
utilized both MetaMap and MedLinePlus Connect to aid
us in constructing keywords for each class of treatments.
MetaMap [7] is a tool developed at the National Library
of Medicine for mapping raw English text to standardized
medical concepts in the Unified Medical Language System
(UMLS) Metathesaurus. MedlinePlus [3] is the National In-
stitute of Health’s Web site for patients. MedlinePlus Con-
nect provides a REST-based service to respond to requests
that are queried. Using these tools, we ran MetaMap and
collected all the words and phrases that have the semantic
type ‘phsu’ (Pharmacologic substance’ in the web forum. We
then queried these words to MedLinePlus Connect to see if
they contain the medication class types we are interested in.
This collection of words is added on top of the keywords that
are collected manually. Due to space constraints, we have
uploaded the list of keywords on the author’s webpage.

4. CER METHODOLOGY

4.1 Definitions
In this section, we will first define CER as it is used

throughout this paper. We will then introduce some defini-
tions for the calculation of user preference motivated by [25].
Based on this method, we further extended the sentiment
analysis by introducing context sentiment and treatment
sentiment.

Effectiveness, in the context of CER, is defined as how
well patients respond to given treatments or medications.
These are conducted and compared on different demograph-
ics under different conditions. We found user preference in
web forums to be a useful signal in determining effectiveness.
Preference is defined as whether users prefer one particular
treatment over another, in terms of the individual author’s
opinion, population as a whole, or by demographics. Nega-
tive preference towards a particular treatment may indicate
either the treatment was ineffective or it had numerous side
effects. A positive one may indicate the author is content
with the outcome. We show empirically for two diseases
(heart disease and breast cancer) on numerous treatments
in Section 4 that preference is indeed consistent with effec-
tiveness.

We note that users often write about a particular experi-
ence in a span of multiple sentences. In order to capture this,
we introduce a concept called ‘Surroundings’ in Definition 1
which captures this intuition.

Definition 1 (Surroundings). Given a collection of
documents, i-th sentence of d-th document is denoted as
sd,i. The surroundings for a given sentence sd,i is defined
as Ed,i = {sd,i+w, ∀w ∈ [−W,W ]}, where W indicate the
size of context sentences to include. Surrounding at location
w from the sentence sd,i is defined as ǫd,i,w ∈ Ed,i.

As an illustrative example, surrounding of sentence sd,i with
W = 1 includes sentences sd,i−1, sd,i, and sd,i+1. We noted
that the naive definition of surroundings is insufficient to
explain the user’s experience. Oftentimes, users may talk
about a particular concept in a given sentence, and switch
to talk about a different concept in the next. Context, more
rigorously defined in Definition 2, address this concern by re-
moving any sentences that included concepts different from
our target concept.

Definition 2 (Context). Let treatment tsd,i ∈ T be
contained in sentence sd,i. Given treatment tǫd,i,w that is
contained in ǫd,i,w ∈ Ed,i, the surrounding of sd,i is consis-
tent if tǫd,i,w − tǫd,i,0 = φ, ∀w ∈ [−W,W ]. Context cd,i is
defined as the union of all the surroundings with treatment
tǫd,i,w that is consistent.

For each of the contexts cd,i, we ran sentiment analysis tool3

to obtain sentiment scores. The tool outputs positive sen-
timent score, ap,cd,i and negative sentiment score, an,cd,i of
the given context. The attitude of the context is defined by
combining the positive and negative sentiment scores, more
rigorously defined in Definition 3.

Definition 3 (Attitude of the context). Given pos-
itive and negative sentiment outputs, ap,cd,i > 0 and an,cd,i >

0, of the context cd,i, the attitude of the given context is de-
fined as acd,i = ap,cd,i − an,cd,i . Each of acd,i > 0, acd,i < 0
and acd,i = 0 refer to positive, negative, and neutral senti-
ments, respectively.

In order to extract a user’s opinion towards treatments t,
we collect all the attitudes toward the treatment for the
user and take the arithmetic mean, more formally defined in
Definition 4.

Definition 4 (User’s attitude towards treatment).
Given the user u we wish to extract the opinion from, let us
denote the set of all the contexts of treatment t ∈ T by the
user u be denoted as Au

t . The user’s final attitude towards
the treatment t is defined as au

t =
∑

acd,i
∈Au

t

acd,i .

Note that in this analysis, we examined only the valence of
attitudes but not the magnitude by using sentiment (posi-
tive, negative, and neutral) to classify the user’s opinion as
defined in Definition 3. Future research may further explore
this issue.

4.2 Author Effectiveness Comparison
Author effectiveness comparison compares treatments that

are mentioned by the same author. Oftentimes patients have
experience with multiple medications. If the author had pos-
itive experience with a particular treatment after exhausting
all the other options, their preference will reflect this. On the
other hand, if all the treatments they have taken had similar
efficacies, they will not have a preference on one treatment
over another. User preference is used to determine whether
a particular user prefers treatment A over treatment B, de-
fined in Definition 5.

Definition 5 (User Preference). Given a user, u,
treatments t, t′, t 6= t′, and the person’s attitude towards
treatments, au

t and au
t′ as is computed by Definition 4, we

say treatment t is preferred over t′ for user u if sgn(au
t ) >

sgn(au
t′). There is no preference between treatment t to t′ if

sgn(au
t ) = sgn(au

t′).

It is important to note from the definition that each of
the users are weighted equally to prevent active users from
overwhelming treatment preferences.

Given user preference, we can now define treatment pref-
erence based on users that compare two different treatments.
Treatment preference shows, for patients who have been ex-
posed to two different treatments, which one they prefer and
is defined in Definition 6.
3We used LIWC to analyze sentiment.



Definition 6 (Treatment Preference). Let us de-
note AU

t,t′ as set of attitudes the set of users U have towards

treatments t and t′. Then, the number of users who prefer
treatment t is given by |Ut|. If |Ut| is statistically signifi-
cantly larger than |Ut′ | then treatment t is preferred over t′,
and vice versa. Otherwise, there is no preference.

4.3 Population Effectiveness Comparison Study
In some medical studies, two or multiple demographic

groups are sampled and analyzed to compare their prefer-
ences on the target medicines.

Similarly, we compare the treatments by the percentages
of people in specific demographic groups (e.g., male, female,
young, old) with positive or negative opinions. We define
this approach to compare treatments as a population effec-
tiveness study. Specifically, we conducted two forms of com-
parison: within group comparison by comparing the prefer-
ences on multiple treatments for patients belonged to one
specific demographic group, and cross-group comparison by
comparing opinions of patients from different demographic
group on one specific treatment.

To conduct demographic comparison, we used results from
the population effectiveness comparison instead of author
effectiveness comparison because the latter generates too
sparse data in this particular dataset. In fact, since the dis-
tribution of the online user’s posting behavior follows a long
tail distribution [25], most users participate in limited num-
ber of threads and therefore have low likelihood of mention-
ing multiple treatments. To enable valid statistical analysis
with sufficient power, we decided to use only population re-
sults. Future research may explore the other method when a
large dataset can be obtained, possibly be aggregating mul-
tiple resources.

Population effectiveness studies are defined as the follow-
ing. Each user u has sentiment towards a treatments t ∈ T

as mentioned in Definition 4. We count the number of users
with each category of sentiment (positive, negative, neutral)
towards the treatment. For each treatment, we then com-
pute the proportion of people with each sentiment over the
total number of people who mentioned the particular treat-
ment. Finally, we conduct statistical analysis to compare
the proportion of positive and negative opinions on pairs
of treatments. Specifically, if a higher proportion of positive
opinions are given to one over the other, the former is gener-
ally preferred over the latter. On the other hand, if a lower
proportion of negative opinions are given to one over the
other, the former might be less effective or have more side
effects than the latter. We consider treatment A is preferred
over treatment B only when A has a significantly higher pro-
portion of positive opinions and significantly lower propor-
tion of negative opinions. Finally, because this is a popu-
lation study on the effectiveness of treatments, we assigned
the same weights for all users who poss personal health mes-
sages.

4.4 Demographics Effectiveness Comparison
We compare demographic preference by utilizing popu-

lation effectiveness methodology described in the previous
section. In particular, for each of the subset of demograph-
ics we are interested in, we conduct methodology identical to
those conducted in population effectiveness study for both
within group and between group comparison (for the latter,
the proportion is compared for different groups instead of

different treatments). The demographic comparison we are
interested in are gender (male, female) and age (20-44, and
45 and up). We are able to extract age and gender infor-
mation by leveraging publicly available demographics infor-
mation on MedHelp user profile pages. We further extract
age information not on user profile pages by introducing a
supervised, rule-based method which is explained in detail
in the next section.

In comparing treatments for demographics class, we wish
to answer the following questions:
1) What treatments are effective for given demographics?
2) Which demographics prefer particular treatment com-
pared to the other?
We define the study that answers 1) as within-group analy-
sis, and that of 2) as cross-group analysis.

5. DEMOGRAPHIC EXTRACTION
Many web forums do not have publicly available demo-

graphic information in user profiles, and for those that do,
many users choose not to publish such information. There-
fore, CER research on demographic effectiveness comparison
may need to rely on text processing to extract this informa-
tion from user post content. This further allows us to aggre-
gate results from users we were previously unable to extract
age information from, increasing granularity of demographic
effectiveness comparison results.

Previous literature on demographic extraction can be clus-
tered into two themes. The first involves traditional super-
vised learning such as using linear regression or SVM. These
approaches take features from given text [6, 29] or search
log patterns [20]. These methods allow predicting the user’s
age for all the users. The second approach uses rule-based
approaches [43] in extracting user’s demographics. These
methods require researchers to hard-code rules that indicate
demographic information. These top-down approaches tend
to have high precision but are limited by the researchers’
ability to write down rules, limiting its recall. In general,
the first approach is preferred when an approximate esti-
mate of demographics information is acceptable while the
second approach is used when high precision is required.

We propose a hybrid method that utilizes supervision in
generating rules for user demographics extraction. While
deploying a traditional supervised approach would have al-
lowed better coverage, we used rule generation approach be-
cause we are mainly concerned with ensuring high precision,
and we did not want mentions of treatments or medications
to potentially influence age classification results.

The hybrid approach first collects potential phrases that
contain age information. It takes as input tuple (D,U),
which corresponds to collection of personal health messages,
D and the author of the corresponding messages, U , col-
lection of user profiles Up (which contain publicly available
demographics information), and α and β, parameters which
guide how strict the inferred rules should be. Up serves as
labels to be used for demographics information of interest.
Any phrase that contains a number that matches the age in
the user’s profile page is defined as a potential phrase, and
we label them as phrase in Algorithm 1, set of phrase as
phrases. These potential phrases are limited to n+1 words,
with n

2
words in front and back of the number that has been

matched. It is important to note that all the numerics in
potential phrases are replaced with a numerics token. These
steps refer to the first for-loop on Algorithm 1.



Algorithm 1 Age Phrase Learner

Input: (D,U), Up, α, β
Output: fsp,mfsp

phrases = {}
for (d, u) ∈ (D,U) do

if up ∈ Up then
phrase← getPhrases(d, age(up))
phrases = phrases ∪ phrase

end if
end for
fsp← PrefixSpan(phrases)
mfsp = {}
while fsp not changed do

for u ∈ U, d ∈ docs(u), s ∈ d do
(Age,Pattern) ← getAge(s,fsp,mfsp, dwords)
updatePatternPrecision(Pattern)

end for
for Pattern ∈ fsp below β precision do

Remove Pattern from fsp

if Pattern below α precision then
add Pattern to mfsp

end if
end for

end while

Frequent sequence pattern mining algorithm called Pre-
fixSpan [32] is then run on phrases. The algorithm is both
complete and efficient in that it can find all possible frequent
sequences, and is fast enough for our purpose. We label the
frequent sequences that are returned by PrefixSpan as ‘fsp.’
Using merely the frequent sequence patterns, however, often
results in a high misclassification rate. Some of the frequent
patterns may actually refer to some other quantitative prop-
erty (such as dosage of medication) but it so happens that
this number matches the person’s age. To alleviate the prob-
lem, we also collect frequently misclassified phrases. These
are phrases which have precision below a certain threshold
α. We label frequently misclassified phrases as ‘mfsp.’ Fre-
quent patterns are removed if they are below β. These two
parameters are used to control two facets of the algorithm.
Higher β denotes how aggressive we wish to be in removing
patterns whereas higher α indicates how actively we wish
to avoid seeing particular patterns. To expedite the con-
vergence speed, we have manually labeled a few words and
suffixes that do not indicate age. These words are week,
weeks, day, days, month, months, lb, lbs, pound, pounds, %,
mg, kg, ml, and when these patterns are seen in a phrase, we
disregarded the match. The collection of these words corre-
spond to ‘dwords’ in the algorithm. Age is extracted from
the sentence if it matches a phrase in fsp but not in mfsp.
In Algorithm 1, this corresponds to the getAge function. We
repeat the process until fsp converges.

Age inference on the user is done using the learned phrases.
For each user, all the sentences are tested for a match in fsp

but not in mfsp. If this test succeeds, then the age is ex-
tracted using the frequent pattern that has been used. In
the case of ambiguity, we take the mode of the matched
phrases. We note the same procedure can be used in gender
extraction by matching gender related words as opposed to
its age. This is done by giving initial set of keywords that
represent each gender and then learning frequent patterns.
Due to its similarity with the age extraction algorithm, we

Runs A B C D E F
Baseline 15,234 3,726 9,111 6,892 2,219 0.47

Our method 15,234 3,726 4,855 3,668 1,159 0.94
Baseline 42,860 10,634 31,189 23,602 7,587 0.40

Our method 42,860 10,634 19,157 14,921 4,236 0.84

Table 1: First two rows : results from breast cancer
forums, last two rows : results from heart disease
forums, A : #Users total in forum, B : #Users with
known age information, C : #Users’ age information
inferred, D : #Users’ age information inferred but
not listed on the profile page, E : #Users inferred &
has age info, F : Precision (Correct & E

E
)

Disease Breast Cancer Treatments
Treatment 1 (T1) Radiation Chemotherapy Chemotherapy
Treatment 2 (T2) Hormonal Hormonal Radiation

N1 (Prefer T1 to T2) 205 209 232
N2 (Prefer T2 to T1) 160 161 206

χ2 36.17 23.20 1.54
Degree of Freedom 1 1 1

p-value < 0.01 < 0.01 0.21
T1 > T2? Yes Yes No

Table 2: Author comparison on Breast Cancer

do not include the gender extraction algorithm in this paper.
Age inference is shown in Algorithm 2.

Algorithm 2 Age Inference

Input: (D,U), fsp,mfsp, dwords

Output: {(u, age)}
{(U,Ages)} ← {}
for u ∈ U do

potAges = {}
for d ∈ docs(u), s ∈ d do

(age,Pattern)← getAge(s,fsp,mfsp, dwords)
potAges← potAges ∪ age

end for
{(U,Ages)} ← {(U,Ages)} ∪ {(u,mode(potAges))}

end for

The parameters we set for the algorithm are α = 0.15,
β = 0.5, n = 10. We compared our method with a base-
line rule-extraction approach and the results are summa-
rized on Table 1. The baseline approach does not remove
patterns with high misclassification rate, and not surpris-
ingly achieves low precision (0.47 in breast cancer forums,
0.4 in heart forums). Our algorithm has precision of 0.94 and
0.84 on breast cancer forums and heart forums, respectively.
We were also able to infer approximately 30% of users’ age
information. Combining both the users with inferred demo-
graphic information and those whose information is listed
on the profile page, we were able to double the amount of
users’ demographic information available.

6. CER STUDIES
In this part, we present results from three experiments:

author effectiveness comparison, population effectiveness com-
parison and demographics effectiveness comparison on two
diseases: heart disease, and breast cancer. For heart disease,
four categories of treatments were compared: device, anti-
coagulants, inhibitors and blockers. For breast cancer, three
categories of treatments were compared: chemotherapy, ra-



diation, and hormonal treatments. All of them are common
treatments for the corresponding disease and are discussed
frequently on the forum. There were a total of 15,234 users
and 65,853 health messages on breast cancer forums, and
42,860 users and 187,155 health messages on heart disease
forums.

6.1 Author Effectiveness Comparison
In the first experiment, we compared each pair of treat-

ments based on the opinions of all authors who have ever
commented on both treatments. Specifically, when compar-
ing treatment A and treatment B, we counted how many au-
thors prefer A to B (corresponding to N1), and how many
prefer B to A (corresponding to N2), then we conducted
Chi-square tests on the two numbers to identify pairs of
comparisons for which significantly more people preferred
one way over the other.

Table 2 and 3 show the results of each pair of compari-
son treatments on heart disease and breast cancer respec-
tively. For heart disease, it suggests that people expressed
more positive opinions on anticoagulants and devices than
blockers and inhibitors for treating heart diseases. Also
people were significantly more positive on blockers than in-
hibitors. There is no significant difference in the preference
between anticoagulants and devices observed. For breast
cancer treatments, people expressed more positive opinions
on radiation and chemotherapy than hormonal treatments.
We did not observe significant difference in the preference
between chemotherapy and radiation.

6.2 Population Effectiveness Comparison
In this experiment, we compared each pair of treatments

based on the overall opinion sentiment, i.e., we included all
the comments on each treatment and compared the pro-
portions of people who showed positive and negative senti-
ment between each pair of treatments. We used an inde-
pendent two-sample proportional test to identify pairs for
which a significantly higher proportion of people expressed
positive or negative opinions on one treatment respectively.
To make the test more rigorous, we only consider pairs for
which significantly (p < 0.05) or marginally significantly
(0.05 ≤ p < 0.10) higher proportion of people expressed pos-
itive opinions, meanwhile significantly or marginally signifi-
cantly lower proportions of people expressed negative opin-
ions on one treatment to qualify a valid difference. That
is, if significantly more people expressed positive opinions
on treatment A than treatment B, while significantly more
people also expressed negative opinions on A than B, we con-
sider it to be controversial, and thus cannot conclude which
treatment is preferred.

Table 4 and 5 show the results of indirect comparison for
heart disease and breast cancer. Consistent with the results
of author comparison, it indicates that higher proportion of
patients expressed positive opinions on anticoagulants and
devices than inhibitors and blockers in treating heart dis-
ease. While consistent with author comparison, we found
significantly a higher proportion of people showed positive
opinions on blockers than inhibitors, however, we did not
observe there are significantly lower proportion of people
that showed negative opinions on blockers than inhibitors.
We therefore cannot conclude the preference between block-
ers and inhibitors. For treating breast cancer, people are
more likely to prefer radiation and chemotherapy to hor-

Disease Breast Cancer Treatments
Treatment 1 (T1) Radiation Chemotherapy Chemotherapy
Treatment 2 (T2) Hormonal Hormonal Radiation

N1 2,393 2,878 3,878
N2 1,680 1,680 2,393

p(positive on T1) 0.41 0.44 0.44
p(positive on T2) 0.39 0.39 0.41

χ2 (Positive) 3.46 12.20 3.00
Degree of Freedom 1 1 1
p-value (Positive) 0.05 < 0.01 0.09
p(negative on T1) 0.26 0.29 0.29
p(negative on T2) 0.34 0.34 0.26

χ2 (Negative) 29.42 14.78 3.93
Degree of Freedom 1 1 1
p-value (Negative) < 0.01 < 0.01 0.05 (reverse)

T1 > T2? Yes Yes No

Table 5: Population comparison on Breast Cancer

Disease Breast Cancer Treatments
Treatment 1 (T1) Radiation Chemotherapy Chemotherapy
Treatment 2 (T2) Hormonal Hormonal Radiation

N1 739 770 770
N2 525 525 739

p(positive on T1) 0.46 0.46 0.46
p(positive on T2) 0.41 0.41 0.46

χ2 (Positive) 2.98 3.66 0.02
Degree of Freedom 1 1 1
p-value (Positive) 0.08 0.05 0.89
p(negative on T1) 0.24 0.29 0.29
p(negative on T2) 0.34 0.34 0.24

χ2 (Negative) 16.57 4.09 4.90
Degree of Freedom 1 1 1
p-value (Negative) < 0.01 0.04 0.03 (reverse)

T1 > T2? Yes Yes No

Table 6: Demographic comparison for Breast Can-
cer on older population

monal treatments.

6.3 Demographics Effectiveness Comparison

6.3.1 Age Analysis

Our approach of mining online health messages can po-
tentially generate preferential results between different de-
mographic groups, which could be valuable for supporting
CER. With the current demographic information extraction
method, we are able to obtain 7,394 users’ age and 6,465
users’ gender information from breast cancer forums and
25,555 users’ age and 17,618 users’ gender information from
heart disease forums. It is important to keep in mind we can-
not use all of these users in our study as not all users mention
treatments that we are interested in conducting CER study.
The demographics information enabled us to perform:
1) within group analysis, by identifying any pair of compar-
ison that shows inconsistent results with the overall trend.
2) cross group analysis, by identifying significant preferen-
tial difference between two demographic groups on any single
treatment.
Specifically, we analyzed between older group (45 and above),
and younger (age between 20 and 44), and between female
and male groups. Similar to population effectiveness com-
parison experiment, we used an independent two-sample
proportional test to conduct the analysis.

For breast cancer, we only analyzed the age group since
it is dominated by female patients. In this section we will
first report the results of analysis performed on younger and
older age group for both heart disease and breast cancer,



Disease Heart Disease Treatments
Treatment 1 (T1) Anticoagulants Anticoagulants Anticoagulants Device Device Blocker
Treatment 2 (T2) Inhibitor Blocker Device Inhibitor Blocker Inhibitor

N1 (Prefer T1 to T2) 154 256 140 148 261 261
N2 (Prefer T2 to T1) 65 158 126 70 187 204

χ2 36.17 23.20 0.74 27.91 12.22 6.99
Degree of Freedom 1 1 1 1 1 1

p-value < 0.01 < 0.01 0.39 < 0.01 < 0.01 0.01
T1 > T2? Yes Yes No Yes Yes Yes

Table 3: Author comparison on Heart Disease

Disease Heart Disease Treatments
Treatment 1 (T1) Anticoagulants Anticoagulants Anticoagulants Device Device Blocker
Treatment 2 (T2) Inhibitor Blocker Device Inhibitor Blocker Inhibitor

N1 2,162 2,162 2,162 2,457 2,457 7,257
N2 2,422 7,257 2,457 2,422 7,257 2,422

p(positive on T1) 0.35 0.35 0.35 0.34 0.34 0.27
p(positive on T2) 0.22 0.27 0.34 0.22 0.27 0.22

χ2 (Positive) 36.17 23.20 0.74 27.91 12.22 6.99
Degree of Freedom 1 1 1 1 1 1
p-value (Positive) < 0.01 < 0.01 0.39 < 0.01 < 0.01 0.01
p(negative on T1) 0.40 0.40 0.40 0.43 0.43 0.54
p(negative on T2) 0.56 0.54 0.43 0.56 0.54 0.56

χ2 (Negative) 110.60 130.55 5.34 75.95 82.18 2.61
Degree of Freedom 1 1 1 1 1 1
p-value (Negative) < 0.01 < 0.01 0.02 < 0.01 < 0.01 0.11

T1 > T2? Yes Yes No Yes Yes No

Table 4: Population comparison on Heart Disease

and then report the analysis on the female and male group
for heart disease.

Table 6 and 8 show the within-group comparison results
of the older group. For both heart disease and breast can-
cer, older adults exhibited consistent preference with the
overall trend (see Table 4 and 5). That is, a significantly
higher proportion of older patients had positive opinions on
anticoagulants and devices than on inhibitors and blockers.
For breast cancer, a higher proportion of older patients had
more positive opinions on chemotherapy and radiation than
hormonal treatment.

Table 7 and 9 show the within-group comparison results
for younger group. We found three pairs of comparison
that were significant in the overall analysis become non-
significant in the younger group: device v.s. inhibitor, radi-
ation v.s. hormonal and chemotherapy v.s. hormonal treat-
ment. Closer observation revealed that for hormonal treat-
ments, no difference in proportion of younger adults and
older adults expressed negative opinions was observed. This
set of results indicates that younger people do not necessar-
ily favor devices over inhibitors for treating heart disease,
and they do not have more negative opinions on hormonal
treatments than radiation or chemotherapy.

6.3.2 Gender Analysis

We now look at the within and cross-group analysis on
male and female patients for heart related disease. Table 10
shows the results for female patients. It indicates that, con-
sistent with the overall tendency, a higher proportion of fe-
male patients prefer anticoagulants and devices to blockers
and inhibitors and is shown in Table 10.

Table 11 shows the result for male patients. We found two
pairs of comparison show different results from the overall
trend and female group: 1) the comparison between antico-
agulants and blockers does not show significantly preferen-
tial result; 2) male patients are more likely to prefer blockers

Disease Breast Cancer Treatments
Treatment 1 (T1) Radiation Chemotherapy Chemotherapy
Treatment 2 (T2) Hormonal Hormonal Radiation

N1 310 407 407
N2 273 273 310

p(positive on T1) 0.50 0.49 0.49
p(positive on T2) 0.42 0.42 0.50

χ2 (Positive) 3.04 2.78 0.02
Degree of Freedom 1 1 1
p-value (Positive) 0.08 0.10 0.89
p(negative on T1) 0.26 0.27 0.27
p(negative on T2) 0.28 0.28 0.26

χ2 (Negative) 16.57 4.09 4.90
Degree of Freedom 1 1 1
p-value (Negative) 0.71 0.88 0.85

T1 > T2? No No No

Table 7: Demographic comparison on Breast Cancer
on younger population

over inhibitors. The data showed preference results that are
worth further study in clinical trials.

6.3.3 Cross-group Analysis

For cross-group analysis, we identify treatments that have
significantly different proportions of older and younger adults
that expressed either positive or negative opinions. Specifi-
cally, we found the following interesting results: For block-
ers, a lower proportion of older people expressed negative
opinions than younger ones did (χ2 = 3.42, p = 0.06).
For hormonal treatment, a lower proportion of younger peo-
ple expressed negative opinions than older ones did (χ2 =
3.14, p = 0.08). We did not observe any statistically sig-
nificant results in cross-group analysis for female and male
patients’ opinions on treatment for heart disease.

6.4 Case Studies
To validate the results of our experiments, we searched

exisiting literature for relevant evidence. We found at least



Disease Heart Disease Treatments
Treatment 1 (T1) Anticoagulants Anticoagulants Anticoagulants Device Device Blocker
Treatment 2 (T2) Inhibitor Blocker Device Inhibitor Blocker Inhibitor

N1 153 153 153 166 166 414
N2 217 414 166 217 414 217

p(positive on T1) 0.35 0.35 0.35 0.39 0.39 0.26
p(positive on T2) 0.23 0.26 0.39 0.23 0.26 0.23

χ2 (Positive) 5.95 4.08 0.58 11.59 9.83 0.54
Degree of Freedom 1 1 1 1 1 1
p-value (Positive) 0.01 0.04 0.45 < 0.01 < 0.01 0.46
p(negative on T1) 0.41 0.41 0.41 0.45 0.45 0.56
p(negative on T2) 0.62 0.56 0.45 0.62 0.56 0.62

χ2 (Negative) 15.39 9.51 0.38 10.49 5.29 1.99
Degree of Freedom 1 1 1 1 1 1
p-value (Negative) < 0.01 < 0.01 0.53 < 0.01 0.02 0.16

T1 > T2? Yes Yes No Yes Yes No

Table 8: Demographic comparison on Heart Disease on older population

Disease Heart Disease Treatments
Treatment 1 (T1) Anticoagulants Anticoagulants Anticoagulants Device Device Blocker
Treatment 2 (T2) Inhibitor Blocker Device Inhibitor Blocker Inhibitor

N1 75 75 75 106 106 374
N2 120 374 106 120 374 120

p(positive on T1) 0.39 0.39 0.39 0.31 0.31 0.21
p(positive on T2) 0.23 0.21 0.31 0.23 0.21 0.23

χ2 (Positive) 5.13 9.96 0.80 1.73 4.35 0.07
Degree of Freedom 1 1 1 1 1 1
p-value (Positive) 0.02 < 0.01 0.37 0.19 0.04 0.80
p(negative on T1) 0.43 0.43 0.43 0.45 0.45 0.62
p(negative on T2) 0.58 0.62 0.45 0.58 0.62 0.58

χ2 (Negative) 15.39 9.51 0.38 10.49 5.29 1.99
Degree of Freedom 1 1 1 1 1 1
p-value (Negative) 0.06 < 0.01 0.84 0.09 < 0.01 0.41

T1 > T2? Yes Yes No No Yes No

Table 9: Demographic comparison on Heart Disease on younger population

Disease Heart Disease Treatments
Treatment 1 (T1) Anticoagulants Anticoagulants Anticoagulants Device Device Blocker
Treatment 2 (T2) Inhibitor Blocker Device Inhibitor Blocker Inhibitor

N1 366 366 366 511 511 1,337
N2 418 1,337 511 418 1,337 418

p(positive on T1) 0.35 0.35 0.35 0.33 0.33 0.23
p(positive on T2) 0.21 0.23 0.33 0.21 0.23 0.21

χ2 (Positive) 17.58 19.64 0.24 15.52 9.83 0.66
Degree of Freedom 1 1 1 1 1 1
p-value (Positive) < 0.01 < 0.01 0.62 < 0.01 < 0.01 0.42
p(negative on T1) 0.41 0.41 0.41 0.44 0.44 0.56
p(negative on T2) 0.56 0.56 0.44 0.56 0.56 0.56

χ2 (Negative) 18.74 27.75 0.63 14.61 23.62 0
Degree of Freedom 1 1 1 1 1 1
p-value (Negative) < 0.01 < 0.01 0.43 < 0.01 < 0.01 1

T1 > T2? Yes Yes No Yes Yes No

Table 10: Demographic comparison on Heart Disease on female

Disease Heart Disease Treatments
Treatment 1 (T1) Anticoagulants Anticoagulants Anticoagulants Device Device Blocker
Treatment 2 (T2) Inhibitor Blocker Device Inhibitor Blocker Inhibitor

N1 351 351 351 397 397 1,001
N2 469 1,001 397 469 1,001 469

p(positive on T1) 0.30 0.30 0.30 0.35 0.35 0.25
p(positive on T2) 0.20 0.25 0.35 0.20 0.25 0.20

χ2 (Positive) 8.65 2.31 1.81 20.84 11.60 3.82
Degree of Freedom 1 1 1 1 1 1
p-value (Positive) < 0.01 0.13 0.18 < 0.01 < 0.01 0.05
p(negative on T1) 0.46 0.46 0.46 0.46 0.46 0.53
p(negative on T2) 0.59 0.53 0.46 0.59 0.53 0.59

χ2 (Negative) 13.21 5.96 0.04 13.07 5.70 3.40
Degree of Freedom 1 1 1 1 1 1
p-value (Negative) < 0.01 0.01 0.95 < 0.01 < 0.01 0.11

T1 > T2? Yes No No Yes Yes Yes

Table 11: Demographic comparison on Heart Disease on male



eight of our findings are supported by medical works. The
rest, for which we found few relevant literatures (neither
proof nor disproof), could be explored by future medical
research.

We divide the study into two parts for both heart disease
and breast cancer treatments: population effectiveness com-
parison and demographics effectiveness comparison. The
former compares why the people prefer treatment A over
the other, or indirect explanation of these comparison. The
latter compares demographic differences or similarities for
given treatment.

6.4.1 Population Effectiveness Comparison

Case 1. Chemotherapy v.s. Hormonal therapy :
Our study showed that patients had more positive opinions
on chemotherapy than hormonal therapy in treating breast
cancer. A paper published in Cochrane Reviews, which in-
volved 7 clinical trials and more than 700 patients concluded
that chemotherapy is advantageous over hormonal therapy
in reducing the tumor response rate [41]. This is consistent
with our results.

Case 2. Radiation v.s. Hormonal therapy :
Our study showed that patients favor radiation therapy over
hormonal therapy in treating breast cancer. It seems to be
consistent with what previous medical research concluded.
Specifically, it was found that breast cancer patients who
had radiation therapy showed lower post-treatment side ef-
fects than hormonal and combinational treatments [42, 14].

Case 3. β Blockers v.s. ACE Inhibitors:
Our study showed blockers are preferred over inhibitors in
author comparison, and blockers had significantly more pos-
itive sentiment over inhibitors in population studies. Two
works on heart failure claim that β blockers are as effective
as ACE inhibitors alone [35]. In some other cases, ACE in-
hibitors [36] work better than β blockers which is consistent
with our findings.

Case 4. Device v.s. one of β blockers or inhibitors:
Devices were significantly preferred over inhibitors or block-
ers from our studies. One work concludes that a combination
of device (Left Ventricular Assist Device) and pharmaceu-
tical treatments such as ACE inhibitors or β blockers were
more effective than using pharmaceutical treatments alone
in treating heart failure [8]. Another study showed treat-
ment effects in LVAD were four times more than that of
β blockers and ACE inhibitors in preventing death of end
stage heart failure patients [18]. Finally, one study showed
using prophylactic pacemakers facilitated β blocker treat-
ment [39], further providing reasons why these devices may
be effective.

Case 5. Anticoagulants, devices and β blockers:
Our study consistently showed there is no preference be-
tween anticoagulants and devices. Many patients requiring
pacemakers or implantable cardioverter-defibrillator (ICD)
surgery take warfarin [9], which is a very commonly used
anticoagulants. This can be why there was no preference for
anticoagulants over devices and explains why anticoagulants
were preferred over blockers and inhibitors. Furthermore,
warfarin appear to be at least as, if not more, effective as β
blockers in reducing reinfarction rates compared to placebo
pills [37, 24] but warfarin is more cost effective than β block-
ers, another contributing factor why anticoagulants may be
preferred over β blockers.

6.4.2 Demographic Effectiveness Comparison

Case 1. Effects of ACE inhibitor by gender :
Our results indicate there is no differences in ACE inhibitor
based on gender. A study sponsored by Agency for Health-
care Research and Quality indicates ACE inhibitors reduce
composite efficacy endpoints similarly in males and females,
which is consistent with our findings [11].

Case 2. Comparison of β blockers by age:
Our results indicate older people were less negative towards
β blockers than younger people. One observational study,
which had cohort size of over 10,000, concludes that effi-
cacy of β blockers seem to be extend to elderly [17], and
β blocker seem to be dependent on the dosage. However,
younger people have trends of being more impacted by cog-
nitive impairment than older people [21], which may explain
why younger people were more negative about β blockers
than older people.

Case 3. Hormonal v.s. Chemotherapy on older group:
Our results indicate that chemotherapy is significantly pre-
ferred over hormonal therapy on older population. A review
consisting of 133 trials and 75,000 women [15] concluded
that between ages 50 and 69, chemotherapy plus tamoxifen
(a common hormonal therapy) is better than chemother-
apy alone both for recurrence and for mortality. However,
chemotherapy was still better than tamoxifen alone in terms
of breast cancer recurrence, which is consistent with our re-
sults.

7. CONCLUSION AND FUTURE WORK
In this paper, we utilized online personal health messages

in conducting CER. Specifically, we aggregated and analyzed
messages on medical forums to compare patients’ opinions
on different treatments for heart disease and breast cancer.
We analyzed the preferences for both the overall popula-
tion as well as different age and gender groups. The de-
mographics of the populations were extracted by utilizing
both publicly available user profiles and our high precision
demographic information extraction algorithm.

It should be noted that web forums may not be represen-
tative of the population as a whole – for example, those that
are suffering from terminal illness are unlikely to post on web
forums. Despite these weaknesses however, we have shown
personal health messages are useful in hypothesis generation.
Indeed, we are able to validate many of the comparative ef-
fectiveness results with existing literature.

There are various ways this work can further be extended.
First, we have only explored one aspect of effectiveness by
examining users’ preference. It would be beneficial to fur-
ther investigate user preference based on specific medical
aspects, such as side effects or efficacies of the treatments.
Methods such as those used in summarizing opinions of given
drugs [22] can be extended to such studies. Second, we have
provided potential in using forums that do not have pub-
licly available demographical information by introducing our
high precision demographic extraction algorithm. This can
be utilized to conduct CER by aggregating multiple sources
of personal health messages. Finally, we have conducted
CER based on their demographics. As a natural extension,
a system that conducts CER based on particular symptoms
of interest may further aid researchers and practitioners in
deciding which treatments are suitable given patient condi-
tions. Exploiting entity relation semantics [19] is a possible



direction that can be further utilized to find symptoms and
treatments of interest.
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