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ABSTRACT
In this paper, we formally define the problem of mining med-
ical domain causality for diagnosis assistance. We present
four specific tasks to solve this problem, i.e., mining medical
causality from text, medical treatment effectiveness mea-
surement, disease prediction via causal representation and
explicable medical treatment recommendation. Mining med-
ical causality and medical treatment effectiveness measure-
ment are fundamental problems with downstream applica-
tions of disease prediction and medical treatment recom-
mendation. However, these problems have never been sys-
temically studied before. There are existing studies on min-
ing medical causality, effectiveness measurement and disease
prediction, which both have their own drawbacks making
them not suitable for our problem of mining medical do-
main causality for diagnosis assistance. We have studied
the problem of mining medical causality and disease predic-
tion. Specifically, we present a unified framework combin-
ing different resource and inference rules in a factor graph
for causality mining, and present a symptom-disease net-
work embedding method to solve the sparsity of symptom-
disease links for disease prediction. Both methods are gen-
eral method and can be easily applied to related domains.

CCS Concepts
•Social and professional topics → Medical records;
•Computing methodologies → Causal reasoning and
diagnostics; •Applied computing → Health care in-
formation systems; Health informatics;

Keywords
Medical Causal Mining; Effectiveness Measurement; Disease
Prediction; Medical Treatment Recommendation

1. INTRODUCTION
In the medical context, causal knowledge usually refers

to causal relations between diseases and symptoms, living
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habits and diseases, symptoms which get better and thera-
py, drugs and side-effects, etc [11]. All these causal relations
are usually in medical literature, forum and clinical cases
and compose the core part of medical diagnosis. Therefore,
mining these causal knowledge to predict disease and rec-
ommend therapy is of great value for assisting patients and
professionals.

The task of mining these causal knowledge for diagnosis
assistance can be decomposed into four constitutes: (1) min-
ing medical causality from text; (2) medical treatment effec-
tiveness measurement; (3) disease prediction and (4) expli-
cable medical treatment recommendation. However, these
tasks have never been systemically studied before. For my
PhD thesis, I plan to formally define the problem of min-
ing medical domain causality for diagnosis assistance and
propose methods to solve this problem.

1. Ming these textual causalities can be very useful for
discovering new knowledge and making decisions. Many s-
tudies have been done for causal extraction from the text
[1, 12, 13]. However, all these studies are based on pat-
tern or causal triggers, which greatly limit their power to
extract causality and rarely consider the frequency of co-
occurrence and contextual semantic features. Besides, none
of them take the transitivity rules of causality leading to
reject those causalities which can be easily get by simple
inference. Therefore, we formally define the task of mining
causality via frequency of event co-occurrence, semantic dis-
tance between event pairs and transitivity rules of causality,
and present a factor graph to combine these three resources
for causality mining.

2. Treatment effectiveness analysis is usually taken as a
subset of causal analysis on observational data. For such real
observational data, PSM and RCM are two dominant meth-
ods. On one hand, it is usually difficult for PSM to find the
matched cases due to the sparsity of symptom. On the other
hand, we should check every possible (symptom, treatment)
pair by exploiting RCM, leading to make the characteris-
tic of exploding up, especially when we want to check the
causal relation between a combination of symptoms and a
combination of drugs. Besides, the larger number of symp-
tom or treatment in the combination the less number of
patient case retrieved, which lead to the lack of statistical
significance. Specifically, patients tend to take tens of herbs
as the treatment each time in Traditional Chinese Medicine
(TCM). Therefore, how to evaluate the effectiveness of herbs
separately and jointly is really a big challenge. This is also
a very fundamental research topic supporting many down-
stream applications.
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3. Both hospitals and on-line forums have accumulated
sheer amount of records, such as clinical text data and on-
line diagnosis Q&A pairs. The availability of such data in
large volume enables automatic disease prediction. There
are some papers on disease prediction with electronic health
record (EHR) [9], but the research on disease prediction with
raw symptoms is still necessary and challenging. Therefore,
we propose a general new idea of using the rich contextual
information of diseases and symptoms to bridge the gap of
disease candidates and symptoms, and detach it from the
specific way of implementing the idea using network embed-
ding.

4. Recommendation in medical domain is usually a decision-
making issue, which requires the ability of explaining “why”.
The ability of explaining “why” are basically from two path-
s. Consider the recommendation suggest you eat more veg-
etables. You probably do not believe it if there is nothing
attached. But if the recommendation gives the literally rea-
sons why eating more vegetables is good you might like to
take this suggestion. Consider another scenario, if the rec-
ommendation gives you the data of the contrast which show
that people who eat more vegetables are healthier than those
eat less, it is certain that you also want to take this rec-
ommendation. Based on these two intuitions, we present
a recommendation model based on proofs which are either
literally reasons or difference from contrast.

2. THE PROPOSED RESEARCH
In this research, we argue that medical domain causality

mining is vital for assisting diagnosis.

2.1 Mining Medical Domain Causality from
Text

A considerable amount of causal relations are emerging in
medical literature and medical forums every day. Ming these
textual causalities can be very useful for discovering new
knowledge and making decisions. One can find an unknown
adverse-effect of a drug by mining causal relation from med-
ical forum data, which is very difficult to get from medi-
cal experiments. In another scenario, mining “what kind
of habit can cause diabetes” from medical literature can be
very useful for doctors giving their patients good suggestion-
s. Table 1 presents examples of medical causality in text, in
which example A and B are similar explicit ways to express
medical causal relations. However, example C and D alter-
natively show similar implicit ways. Note that example B
and C express the same causality which can be take as the
clue to bridge the gap between explicit way and implicit way.
These examples show some other hints for mining causality,
i.e., 1) causal pairs tend to co-occur frequently; 2) the same
causal knowledge can be expressed in both explicit and im-
plicit ways; 3) different causal pairs are usually expressed
in the same way. Obviously, from A and B we can see that
the explicit causality is quite easy to recognize. Therefore,
it will be interesting to study how we can leverage explicit
causality for mining implicit causality.

2.2 Treatment Effectiveness Measurement
Treatment effectiveness analysis is usually taken as a sub-

set of causal analysis on observational data. For such real
observational data, PSM and RCM are two dominant meth-
ods. On one hand, it is usually difficult for PSM to find the
matched cases due to the sparsity of symptom. On the other

A: Some medical associations report that smoking can [cause]
poor blood flow in arms and legs.

:=⇒[smoking]cause
×11−→[poor blood flow]effect

B: Some medical institutes report that drinking alcohol can
[cause] diabetes.

:=⇒[drinking alcohol]cause
×47−→[diabetes]effect

C: The American Diabetes Association explains what drinking
alcohol can do to the conditions that cause diabetes.

:=⇒[drinking alcohol]cause
×47−→[diabetes]effect

D: The American Heart Association explains what cigarette
smoking can do to the conditions of forming thrombus.

:=⇒[cigarette smoking]cause
×23−→[forming thrombus]effect

Table 1: A is an explicit cause-effect example. B is an
explicit cause-effect example taking similar expression with
A. C is the same cause-effect with B but expressed in an
implicit way. D is an implicit cause-effect example taking
similar expression with C.

hand, we should check every possible (symptom, treatment)
pair by exploiting RCM, leading to make the characteris-
tic of exploding up, especially when we want to check the
causal relation between a combination of symptoms and a
combination of drugs. Besides, the larger number of symp-
tom or treatment in the combination the less number of
patient case retrieved, which lead to the lack of statistical
significance. Specifically, patients tend to take tens of herbs
as the treatment each time in Traditional Chinese Medicine
(TCM). Therefore, how to evaluate the effectiveness of herbs
separately and jointly is really a big challenge. This is also
a very fundamental research topic supporting many down-
stream applications, such as explicable medical treatment
recommendation.

2.3 Disease Prediction via Causal Representa-
tion

Both hospitals and on-line forums have accumulated sheer
amount of records, such as clinical text data and online diag-
nosis Q&A pairs. The availability of such data in large vol-
ume enables automatic disease prediction. There are some
papers on disease prediction with electronic health record
(EHR) [10, 9], but the research on disease prediction with
raw symptoms is still necessary, which reflecting on three
aspects. 1) Predicting diseases with raw symptoms is a nec-
essary complement to EHR-based disease prediction because
EHR is really expensive for both patients and researchers.
Besides, a lot of diseases are unnecessary for a formal med-
ical checkup. 2) Online medical forums are in urgent need
of answers about diseases with raw symptoms as questions.
3) Disease prediction with raw symptoms is more feasible to
incorporate online medical forum Q&A data.

However, exploiting clinical text data or online diagnosis
Q&A pairs for disease prediction is nontrivial because of the
serious issue of sparseness, that is, 1) the number of symp-
toms and diseases is in thousand-level due to the variety of
symptoms and diseases and the diversity of natural language
expressions, 2) the number of symptom-disease links is rela-
tively small (see Figure 1). To address the sparsity problem,
we propose a general new idea of using the rich contextual
information of diseases and symptoms to bridge the gap of
disease candidates and symptoms, and detach it from the
specific way of implementing the idea using network em-
bedding. Specifically, we create a two-layer network which
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Figure 1: Three information networks we have for dis-
ease prediction. Traditional methods rely on the symptom-
disease diagnosis network with information provided by doc-
tors and experts. However, this network seriously suffers
from the sparseness. Fortunately, we have the symptom co-
occurrence network and disease evolution network that carry
rich contextual information from the patient side. How to
integrate these three networks to bridge the symptoms and
diseases is important and challenging.

consists of a bipartite diagnosis network and the following
two homogeneous networks. (see Figure 1).

2.4 Explicable Medical Treatment Recommen-
dation

Recommendation in medical domain is usually a decision-
making issue, which requires the ability of explaining “why”.
The ability of explaining “why” are basically from two path-
s. Consider the recommendation suggest you eat more veg-
etables. You probably do not believe it if there is nothing
attached. But if the recommendation gives you the follow-
ing information (“Eating vegetables provides health bene-
fits — people who eat more vegetables and fruits as part
of an overall healthy diet are likely to have a reduced risk
of some chronic diseases. Vegetables provide nutrients vital
for health and maintenance of your body”) you might like
to take this suggestion. Consider another scenario, if the
recommendation gives you the data of the contrast which
show that people who eat more vegetables are healthier than
those eat less, it is certain that you also want to take this
recommendation. All existing recommendation systems use
a number of different technologies but they can be classi-
fied into two broad groups, i.e., content-based systems and
collaborative filtering systems. For medical treatment rec-
ommendation, content-based systems examine properties of
the treatment recommended and collaborative filtering sys-
tems recommend treatments based on similarity measures
between patients and treatments. However, all these sys-
tems don’t consider the ability of explaining “why” seriously.
Above all, developing explicable medical treatment recom-
mendation system is necessary and valuable.

3. METHODOLOGY
We introduce our algorithms for causality mining for as-

sisting diagnosis.

3.1 Mining Medical Domain Causality
In this task, we take both the power of frequency of cause-

effect co-occurrence, semantic distance between causality
pairs and the transitivity rules of causality for mining medi-
cal domain causality. Specifically, we present a factor graph
to combine these three resources for causality mining. The
model make it possible to model three kinds of important
but entirely different resources as factors in a unified frame-

𝑣1

𝑣2

𝑣3

𝑒1 𝑒2 𝑒3 𝑒1 𝑒2 𝑒3

𝑐1 𝑐2 𝑐3

Distributed SimilarityDistributional Similarity

Fa(𝑎1) F𝑎(𝑎2) F𝑎(𝑎3) F𝑡(𝑒1, 𝑒2, 𝑒3)

F𝑓(𝑒1)

F𝑓(𝑒2)

F𝑠(𝑒1)

F𝑓(𝑒3)

F𝑠(𝑒2)

F𝑠(𝑒3)

𝑎1
𝑎2 𝑎3

Figure 2: Our CausalSim for causality mining. It is a fac-
tor graph which leverage the power of both the co-occurred
frequency between events and the semantic distance between
event pairs. It also takes the transitivity of causality into
consideration.

work. Specifically, we use co-occurrence counts of events
collected automatically from an unannotated corpus, which
is the component based on distributional similarity. To cap-
ture the semantic distance between pairs, we use word2vec
[6] to predict embeddings concerning distributed represen-
tation of event pairs.

A factor graph provides an explicit way to factorize the
global joint probability by introducing local variable and
factor nodes. The introduction of factor nodes allows the
optimization algorithms to be derived in a simple and gen-
eral form, because the factor graph unifies the graph with
the same representation. In this study, to represent the three
kinds of resources for causality mining, we presnet a unified
framework CausalSim to take distributed similarity, distri-
butional similarity and causal transitivity as different local
factors shown in Figure 2. Therefore, the joint probability
can be factorized as distributional factor Pr(cei |fei), distri-
butional factor Pr(cei |sei), angle rule factor Pr(Cai) and
triangle rule factor Pr(Cti).

Pr(C|G,F, S) =
∏
ei

Pr(cei |fei)
∏
ei

Pr(cei |sei)∏
ai

Pr(Cai)
∏
ti

Pr(Cti)
(1)

where ei represents each causal relation, ai represent an an-
gle structure composed by a vertex vi and two edge em and
en, ti represents a triangle structure composed by three ver-
texes and three edges.

All these four factors can be instantiated by exponential-
liner functions:

Pr(cei |fei) =
1

Zei=(vm,vn)

exp{αΓ · I(vm, vn)} (2)

Pr(cei |sei) =
1

Zei

exp{βminDist(ei, Rk)} (3)

Pr(Cai) =
1

Zai

exp{δA(ai)} (4)
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Figure 3: Our ContextCare method that learns effective
latent features of symptoms and diseases. We adopt the
diagnosis network to learn the representations as the main
term, and we use the symptom co-occurrence network and
disease evolution network to regularize the representations
(as lasso constraints) in order to alleviate the sparseness of
the symptom-disease diagnosis network.

Pr(Cti) =
1

Zti

exp{γT (ti)} (5)

where Γ · x = ebx−1
ex−1

is for rewarding high frequently co-

occurence cause-effect pair. I(·) is the mutual information
function. Dist(ei, Rk) is the context based semantic dis-
tance between a causal candidate ei and the kth cluster cen-
ter Rk of known causalities, where Rk is the closest domain-
sensitive center with ei.

A(c1, v1, c2) =

 −1, c1 + c2 = 2 and Ca(v1, c1) and Ef(v1, c2)
1, c1 + c2 = 2 and Ca(v1, c2) and Ef(v1, c1)
0, otherwise

(6)
where Ca(v1, c1) represents that v1 is a cause in relation e1

with label c1. Ef(v1, c1) represents v1 is an effect in relation
e1 with label c1.

T (c1, c2, c3) =

 −1, c1 + c2 + c3 = 2
1, c1 + c2 + c3 = 3
0, c1 + c2 + c3 = 0 or 1

(7)

3.2 Disease Prediction via Causal Representa-
tion

To address the sparsity problem, we propose a general new
idea of using the rich contextual information of diseases and
symptoms to bridge the gap of disease candidates and symp-
toms, and detach it from the specific way of implementing
the idea using network embedding. Specifically, we create
a two-layer network which consists of a bipartite diagnosis
network and the following two homogeneous networks i.e.,
Symptom co-occurrence network and Disease evolution net-
work. (see Figure 1).

To make use of those two networks as contextual infor-
mation for accurate disease prediction, we propose a novel
method, ContextCare, to integrate the three networks of
different aspects but rich information. The basic ideas of
ContextCare are 1) the linked disease and symptom in
the bipartite diagnosis network should be closer in a certain
way; 2) frequently co-occurred symptoms should be closer
in representation; 3) evolutionary diseases should be closer
in representation. Compacting symptoms in 2) and diseases
in 3) both benefit alleviating the sparsity of the bipartite
diagnosis network. By encoding all these aspects, our Con-
textCare utilizes information from the three networks to

facilitate the predictive model. ContextCare takes the s-
parse symptom-disease diagnosis network as the main term
in the objective function and adopts the contextual infor-
mation including the symptom co-occurrence and disease
evolution as regularization terms (as lasso constraints), as
shown in Figure 3.

Specifically, We define a main loss based on simple ener-
gy function f(Sp, d) on each symptoms-disease pairs (Sp, d)
and two lasso constraints loss. The final objective loss of
our model combines main loss and two constraints loss with
weight α and β.

f(Sp, d) =

∥∥∥∥∥ 1

|Sp|
∑
s∈Sp

s + t− d

∥∥∥∥∥
1

(8)

We are using an `1 norm in the latent space, but other met-
rics could be used as well. We take the symptom-disease as
a transition vector t. True symptoms-disease pairs (Sp, d)
are assumed to have low energies in the energy function.

Two lasso constraints on frequently co-occurred symptoms
and evolutionary diseases are as follows.

R1 (GSS ) =
∑

(si,sj)∈Eco

wij‖si − sj‖1 (9)

where wij =
|Γ(si)∩Γ(sj)|
|Γ(si)∪Γ(sj)| is the Jaccard similarity between

symptoms si and sj , Γ(si) and Γ(sj) denote the set of neigh-
bors of symptom si and symptom sj in the symptom-symptoms
co-occurrence network with frequency respectively. Note
that we consider the frequency of the edge between neigh-
bors when counting Γ(s), i.e., we take a symptom sj as a
neighbor of si when the co-occurrence frequency of si and
sj is beyond a threshold τ . The constraint incentivizes the
vector representations of frequently co-occurred symptoms
to be close, the larger wij , the greater penalty. The fol-
lowing constraint incentivizes the vector representations of
diseases which are the different stages of the same patient
to be close, the larger vmn, the greater penalty.

R2 (GDD) =
∑

(dn,dm)∈Eev

vmn‖dn − dm‖2 (10)

where vmn = |Γ(dn)∩Γ(dm)|
|Γ(dn)∪Γ(dm)| is again the the Jaccard similar-

ity, Γ(dn) and Γ(dm) denote the set of neighbors of disease
dn and disease dm in the disease evolution network respec-
tively. Note that we make use of `2 on evolutionary diseases
rather than `1 like the penalty on co-occurred symptoms.
The reason is 1) we want treat these two kinds of relations
differently and 2) put more emphasis on disease evolution
because of more significant effect on compacting diseases.

4. EMPIRICAL RESULTS

4.1 Mining Medical Domain Causality
We compare our method with different kinds of baselines

for causal mining on two datasets SemEvalExtend 1 and
MedArtic 2, which is shown in Table 2.

Table 2 shows that our method outperforms the previous
methods on all the three metrics on two different dataset-
s. Our CausalSim encode three kinds of different resources
(i.e., frequency co-occurrence, contexts based semantic and

1detailed in our [12]
2We labeled domain-specific medical articles in Chinese
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Table 2: Comparison with baselines on causal mining from
text (%).

Method
SemEvalExtend MedArtic
P R F1 P R F1

Ittoo [2] 65.7 68.3 66.9 53.6 23.4 32.6
Sorgente [8] 76.7 71.4 73.9 57.2 26.1 35.8
Do [1] 69.1 74.2 71.6 54.3 48.3 51.1
Zhao [12] 87.3 84.1 85.6 62.8 26.3 37.1
CausalSim 89.6 86.3 87.9 63.4 57.2 60.1
-Distributional 76.2 72.4 74.3 57.8 42.3 48.8
-Distributed 73.8 84.5 78.8 52.3 52.6 52.4
-Angle 88.9 85.7 87.3 60.8 55.6 58.1
-Triangle 89.1 84.1 86.5 61.2 52.1 56.3

inference rules) and model them in a unified factor graph
for causal mining. [8] just used lexico-syntactic features and
some self-constructed rules. [2] just encode lexico-syntactic
patterns in their bootstrapping framework. [1] just exploit
frequency co-occurrence and causal triggers to find causal
candidate. lexico-syntactic patterns and causal triggers are
used in [12]. Therefore, CausalSim leverages more kinds
of resources leading to a better performance. We also com-
pare CausalSim with removing four factors on CausalSim
separately to show the power of different factors. The com-
parison shows that “Distributed”, i.e., mutual information
between cause and effect, plays the most important role in
causal mining, and“Distributed”, i.e., contexts based seman-
tic has the most power on improving recall, and “Angle” and
“Triangle”, i.e., causal transitivity rules are both important
for causal mining.

Experiment results on two different data sets show that
our model can effectively mine causality. The results also
show that our model improves over CausalSim-Distributional,
CausalSim-Distributed, CausalSim-Angle and CausalSim-
Triangle, suggesting the necessity of combing them.

4.2 Disease Prediction
We conduct experiments on a real Chinese clinical narra-

tive data, which are recorded by medical professionals. In
the clinical case of each patient, we have a set of symptoms
in text, diagnosed current disease given by the doctor-in-
charge and historical diseases proposed by the patient. In
our dataset, there are 17,803 clinical cases with 18,899 symp-
toms and 1,066 diseases in total. We split all clinical cases
into a training/validation/test set randomly, with the ra-
tio of 8:1:1. The first part is used for model training, the
second for hyper-parameter tuning, and the third for evalu-
ation. Results are given in Table 3.

Table 3 shows the accuracy of the baseline methods as
well as our ContextCare on disease prediction. Each row
of Table 3 represents a model for disease prediction. Each
column stands for a type of resource combination used to
predict disease. For example, the column “Diagnosis Net-
work” denotes the use of bipartite symptom-disease diag-
nosis network including a large number of symptom-disease
paths and the column“+Co”and“+Ev”denotes that the co-
occurrence of symptoms and evolution of diseases are taken
into account separately besides symptom-disease paths.

Predicting the category of disease is valuable because of
the following two scenarios. First, it is necessary to early
determine the department that a patient should make an
appointment with. Second, doctors and experts can provide
quick consulting if they have the correct category of the
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Figure 4: Comparison with baseline methods on disease cat-
egory prediction in accuracy (%).

potential disease in advance. Figure 4 shows the results that
ContextCare stands out from the all the baseline methods
in disease category prediction.

5. FUTURE ISSUES FOR DISCUSSION
The potential research issues for discussion are described

in this part. For medical domain causality mining, the
issue is how to qualify the certainty of obtained causality
candidates to get large amount of valid causal knowledge.
For treatment effectiveness measurement, the issue is
that is there a causal analysis model could model the effec-
tiveness of drugs combination and find most effective com-
binations. For disease prediction via causal represen-
tation, the issue is upon representation learning model and
how to encode expert knowledge (logic and rules) into rep-
resentations. For explicable medical treatment recom-
mendation, the issue might be how to leverage treatment
effectiveness measurement model and provide effective treat-
ment program and present reasons in rational way.
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