Jiang et al. BMC Bioinformatics (2020) 21:298

https://doi.org/10.1186/s12859-020-03638-8 B M C B | 0 | nfo rm atl cS

METHODOLOGY ARTICLE Open Access

Leveraging Bayesian networks and @
information theory to learn risk factors for
breast cancer metastasis

Xia Jiang'", Alan Wells**, Adam Brufsky>*, Darshan Shetty', Kahmil Shajihan' and Richard E. Neapolitan®

updates

* Correspondence: xij6@pitt.edu
'Department of Biomedical

Informatics, University of Pittsburgh . . . .
School of Medicine, 5607 Baum Background: Even though we have established a few risk factors for metastatic

Blvd, Pittsburgh, PA 15217, USA breast cancer (MBC) through epidemiologic studies, these risk factors have not
Full list of author information is proven to be effective in predicting an individual’s risk of developing metastasis.
available at the end of the article . . - . . .

Therefore, identifying critical risk factors for MBC continues to be a major research
imperative, and one which can lead to advances in breast cancer clinical care. The
objective of this research is to leverage Bayesian Networks (BN) and information
theory to identify key risk factors for breast cancer metastasis from data.

Abstract

Methods: We develop the Markov Blanket and Interactive risk factor Learner (MBIL)
algorithm, which learns single and interactive risk factors having a direct influence on
a patient’s outcome. We evaluate the effectiveness of MBIL using simulated datasets,
and compare MBIL with the BN learning algorithms Fast Greedy Search (FGS), PC
algorithm (PC), and CPC algorithm (CPC). We apply MBIL to learn risk factors for 5 year
breast cancer metastasis using a clinical dataset we curated. We evaluate the learned
risk factors by consulting with breast cancer experts and literature. We further
evaluate the effectiveness of MBIL at learning risk factors for breast cancer metastasis
by comparing it to the BN learning algorithms Necessary Path Condition (NPC) and
Greedy Equivalent Search (GES).

Results: The averages of the Jaccard index for the simulated datasets containing 2000
records were 0.705, 0.272,0.228, and 0.147 for MBIL, FGS, PC, and CPC respectively.
MBIL, NPC, and GES all learned that grade and lymph_nodes_positive are direct risk
factors for 5 year metastasis. Only MBIL and NPC found that surgical_margins is a direct
risk factor. Only NPC found that invasive is a direct risk factor. MBIL learned that HER2
and ER interact to directly affect 5 year metastasis. Neither GES nor NPC learned that
HER2 and ER are direct risk factors.

Discussion: The results involving simulated datasets indicated that MBIL can learn
direct risk factors substantially better than standard Bayesian network learming
algorithms. An application of MBIL to a real breast cancer dataset identified both single
and interactive risk factors that directly influence breast cancer metastasis, which can be
investigated further.
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Background

Breast cancer is one of the leading causes of cancer death in US women [1, 2]. It is esti-
mated that 40,920 US women will die from breast cancer in 2018 [3]. Breast cancer is
also one of the main causes of cancer related death in women globally, and it is esti-
mated that without major changes in prevention or treatment, 846,241 women will die
from breast cancer worldwide in 2035 [4]. Women do not die of breast cancer confined
to the breast or draining lymph nodes; rather, they die mainly due to metastasis, a con-
dition in which cancer spreads to other vital organs such as the lung and brain. Meta-
static breast cancer (MBC) is the cause of over 90% of breast cancer related deaths [5,
6] and remains a largely incurable disease. Although most newly diagnosed breast can-
cer cases are not metastatic, all patients are at risk of developing metastatic cancer in
the future, even if they are free of cancer for years after the initial treatment.

Being able to identify the key direct risk factors for MBC (i.e. risk factors that affect
MBC directly rather than just being associative) is important because 1) we can target
therapy towards those risk factors; and 2) we can use the risk factors to more effectively
predict for each individual patient the likelihood of metastatic occurrence, and this pre-
diction can guide treatment plans tailored to a specific patient to prevent metastasis
and to help avoid under- or over-treatment [7]. Researchers have established a few risk
factors for MBC through epidemiologic studies, but these risk factors have not proven
to be effective in predicting an individual’s risk of developing metastasis, and it has not
been shown they have a direct influence on MBC. Therefore, identifying direct risk fac-
tors for MBC continues to be a major research imperative. Making further progress in
this effort will be a key advancement in breast cancer clinical care, and can significantly
improve patient outcomes, and reduce healthcare costs at large.

It is commonplace for medical researchers to obtain retrospective data on patient fea-
tures and outcomes, and then to analyze the association of possible risk factors with
those outcomes. Relative to breast cancer, Curtis et al. [8] developed the METABRIC
dataset, which contains clinical and genomic data, along with breast cancer death re-
sults, on 1992 breast cancer patients. Zeng et al. [9] analyzed these data and found that
P53_mutation_status, HER2_status, PR_category, ER_category, stage, lymph_nodes_posi-
tive, grade, tumor_size, age, and chemotherapy all are highly correlated with 5 year
breast cancer death (p-value <107 °). A difficulty with simply identifying risk factors
through such correlation analyses is that a risk factor can be correlated with a disease
without having any direct or even indirect effect on the disease. For example, meno-
pause status and age might both be associated with MBC. However, menopause status
could be a direct risk factor, while age is associated with MBC only because it is corre-
lated with menopause status.

A second difficulty with these correlation analyses is that they usually do not investi-
gate or identify interacting risk factors. An interaction is the phenomenon where the
predictive effect of one variable is dependent on the presence of one or more other var-
iables. One example of an interaction is genetic epistasis, which describes the situation
where genetic mutations have different effects in combination than they do individually.
These discrete interactions typically cannot be represented in a regression equation. In-
deed they often have little or no marginal effects. So methods have been developed for
learning such interactions without making strong mathematical assumptions. These
matters are discussed in detail in [9]. Such discrete interactions can also exist in other
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contexts such as between mRNA and microRNA [10-12], among signal transduction
pathways [13], and among risk factors for disease. A pure (no marginal effects) or near-
pure interaction is often not-identifiable unless we purposely search for it using a spe-
cial score measurement. Although Bayesian network algorithms can discover direct risk
factors (features that directly affect the outcome of interest), they cannot in general dis-
cover interactions with little marginal effects because they assume the composition
property, which states that if variable X and set of variables S are conditionally inde-
pendent given a set of variables T, then there is a variable Y in S such that X and Y are
conditionally independent give, and on the other hand, if a variable X and a set of vari-
ables S are not independent conditional on 7, then there exists a variable Y in S such
that X and Y are not independent conditional on 7 [14]. When T is the empty set, this
property simply states if X and S are not independent then there is an Y in S such that
X and Y are not independent. Therefore, at least one variable in S much be correlated
with X. However, if two or more variables interact in some way to affect Z, there could
be little marginal effect for each variable, and the observed data could easily not satisfy
the composition property. Furthermore, if interacting variables have strong marginal ef-
fects, the causal learning algorithms do not distinguish them as interactions, but only
as individual causes. So, the standard methods do not learn that risk factors that are
interacting to influence a target, and do not even discover risk factors that are interact-
ing with little or no marginal effect. An important task then is to learn such interac-
tions from data. A method that does this could be a preliminary step before applying a
causal learning algorithm. This paper concerns the development of a new method that
does this in the case of discrete variables. We first provide some examples of situations
where discrete variables interact.

In this paper we learn single and interactive direct risk factors for MBC using a
large-scale breast cancer dataset, which we curate, and a new algorithm which we
develop. The algorithm, called the Markov Blanket and Interactive risk factor
Learner (MBIL) algorithm, focuses on detecting both single and interactive risk fac-
tors that have a direct influence on a patient’s outcome such as breast cancer me-
tastasis. The algorithm does not merely find correlation, but rather identifies direct
interactive risk factors. We first validate the effectiveness of MBIL using simulated
data. We then use MBIL to learn the direct risk factors for 5year breast cancer
metastasis from our Lynn Sage Datasets (LSDS).

Methods
Since the new methodology we develop utilizes Bayesian networks and learning inter-
active risk factors using information theory, we first briefly review these.

Bayesian networks and the Markov blanket

A Bayesian network (BN) consists of a directed acyclic graph (DAG), whose nodeset
contains random variables, and the conditional probability distribution of every variable
in the network given each set of values of its parents [14—18]. The edges in E represent
direct probabilistic dependencies. The Markov blanket of a given target node T in a
Bayesian network is the set of nodes M such that T is probabilistically independent of
all other nodes in the network conditional on the nodes in M. If we know the value of



Jiang et al. BMC Bioinformatics (2020) 21:298 Page 4 of 17

the nodes in M, finding out the values of other nodes cannot change the conditional
probability of T.

In general, the Markov blanket of T consists of all parents of 7, children of 7, and
parents of children of T [14]. If T is a leaf (a node with no children), then the Markov
blanket consists only of the parents of T, which are the direct risk factors for T if T'is a
disease. Figure 1 shows a BN DAG model. Since T is a leaf in that model, the Markov
blanket of T consists of is parents, namely nodes X;;-Xs.

Knowledge of the direct risk factors in the Markov blanket of a leaf target node T
such as MBC is valuable in clinical research in two ways. First, we can target therapy
towards these direct risk factors rather than risk factors which are merely correlated
with MBC and might not even affect MBC. In the network in Fig. 1 X7 is an example
of a variable that is correlated with 7 but has no effect on 7, and therefore should not
be targeted. Second, without knowing the BN DAG model, nodes X;-X;0 X6, and Xj7
would all be learned as predictive risk factors due to the fact that they are correlated
with T through the nodes in the Markov blanket. However, if we can identify the Mar-
kov blanket and know the values of the nodes in it, we will have blocked the connec-
tions between 7T and the other nodes. So, these nmoisy predictors can be completely
removed from a prediction model, which should improve prediction performance.

Learning a BN [14, 19, 20] from data concerns learning both the parameters and the
structure (called a DAG model). In the score-based structure-learning approach, a score
is used to measure how well a DAG represents the data. The Bayesian score [21] is the
probability of the data given the DAG. A popular variant of this score is the Bayesian

XlO Xll X12 X13 X14 XlS

X Tre X
16 17
Fig. 1 A BN model demonstrating the dependency and independency relationships among variables. The

Markov Blanket of T consists of nodes Xiq, X1, Xi3, X14 and X;s. These nodes are the direct risk factors and
separate T from the influence of the noisy predictors X;-Xo, X1, and X;7
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Markov Blanket and Interaction Learner (MBIL)

/I MBIL finds the Markov blanket of target 7"assuming 7’is a leaf and
// there may be interacting parents.

/= set of candidate direct parents;

T = target,

PAl =,

PA2 =

Int =,

determine single predictors(V,T,PA1),
determine_interactions(V,T,Int), /I Apply Exhaustive 1Gain.
transform_from_interactions(Int,PA2)

PA = PA1U PA2,

Place an edge from each variable in PA to 7,
find _ parents(T', PA),
transform_to_interactions( PA,Int)

procedure determine single predictors(V,T, var PA1)
for each variable X €}

if score(X;1) > score(Null,T) // Compare BDeu score of model with
add X'to PA1; /I edge from X to 7"to score of model
endif /' model in which 7 has no parents.
endor

procedure transform_from_interactions(Int, var PA2)
for each interaction / € /nt

transform / to a single variable Y ;
endfor

procedure transform to_interactions( var PA, var Inf)
for each variable ¥ € PA, representing an interaction,
transform Y back to an interaction /;
remove Y from PA;
add / to Int,
endfor

procedure find parents (T, var PA)
i=1;
repeat
for each set A < PA such that |A|=i
if deleting some node from A increase score(A;T)

X = node whose deletion increases score the most;
remove X from PA;

endif
endfor
i=i+]; /I' R is maximum # nodes blocking 7'
until |PA|<i ori>R /I from any given node.

Fig. 2 The MBIL algorithm

Dirichlet equivalent uniform (BDeu) score, which uses a parameter alpha to represent a
prior equivalent sample size [20]. The BN model selection problem is NP-hard [22]. So,
heuristic search algorithms are used [14].
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Information theory and learning interactive risk factors
As noted earlier, risk factors may interact to affect disease. For example, in Fig. 1 X3
and X, may have a joint effect on 7, while each has no marginal effect on 7. A joint
predictor like this is often ignored and missed by standard BN structure learning [9,
23]. We previously designed a new information theory-based score to measure the
strength of an interaction and applied it to interaction learning. Next we discuss infor-
mation theory and that score.

Information theory is the discipline that deals with the quantification and communi-
cation of information. If T is a discrete random variable with m alternatives, we define
the entropy H(T) as follows:

m

H(T) = - 3" P(t) log,P(t)

i=1

Shannon [24] showed that if we repeat # trials of the experiment having outcome 7,
then the entropy H(T) is the limit as # — o of the expected value of the number of bits
needed to report the outcome of each trial of the experiment. Entropy is a measure of
our uncertainty in the value of T since, as entropy increases, on the average it takes
more bits to resolve our uncertainty. The conditional entropy of T given X is the ex-
pected value of the entropy of T conditional on X. It is defined as follows (where X has
k alternatives):

H(TIX) = S H(T))P(s).

=1

By learning the value of X, we can reduce our uncertainty in 7. The information gain
(IG) of T relative to X is defined to be the expected reduction in the entropy of T con-
ditional on X:

IG(T;X) = H(T) - H(T/X)

The notation IG(T;A), where A is set, denotes the information gain based on the joint
distribution of all variables in A.

Although genetic epistasis serves as a good example of a discrete interaction and in-
tuitively we understand what is meant by an interaction, a formal definition did not
exist until Jiang et al. [23] and Zeng et al. [9] developed the interaction strength to both
define an interaction and measure its strength. If we have a target variable T and two
sets of variables A and B, we define the interaction strength (IS) of a set of variables M
relative to a target T as follows:

IG(T; M) - IG(T; M - A) - IG(T; A)
IG(T; M)

IS(T;M) = min

Since information gain (IG) is nonnegative, it is straightforward that IS(T;M) < 1. If
the variables in M are causing 7 with no marginal effects, then IS is 1. We would con-
sider this a very strong interaction. When the IS is small, the increase in /G obtained
by considering the variables in M together is small compared to considering them sep-
arately. We would consider this a weak interaction or no interaction at all.

Jiang et al. [23] show that if the variables in M are independent causes of T, then
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IS(T; M- A,A)>0

So, in situations we often investigate, the IS is between 0 and 1, and therefore satisfies
the notion of a fuzzy set [25], where the greater the value of the IS the greater member-
ship the set has in the fuzzy set of interactions. Situations in which the IS can be nega-
tive are discussed in [23].

Zeng et al. [9] developed Exhaustive_IGain, which does an exhaustive search to learn
interactions from low-dimensional data. The algorithm determines whether every set of
variables M is an interaction by checking whether the IS exceeds a threshold ¢. If this
condition is satisfied, M is considered an interaction. They applied Exhaustive_IGain to
the METABRIC dataset [1] to investigate how clinical variables might interact to affect
breast cancer survival. They found that hormone_therapy and menopausal_status inter-
act to affect 10year breast cancer death, but neither hormone_therapy nor meno-
pausal_status are highly correlated with 10year breast cancer death alone. A
consultation with oncologist Dr. Adam Brufsky revealed that hormone therapy is more
effective in post-menopausal women [26].

Jiang et al. [23] developed MBS_IGain, which uses the same strategy as Exhaustive_
IGain, but learns interactions from high-dimensional data using a heuristic search.
They compared MBS_IGain to 7 other methods using 100 simulated datasets, each
based on 5 interactions. MBS_IGain decidedly performed best.

The interactive risk factors we learn using the IGain algorithms may not have a direct
influence on the target. That is, they might interact to have an effect on a feature that
directly affects the target, or, in the Bayesian network modeling the probabilistic rela-
tionships among the variables, they might even be a descendent of a node influencing
the target. To identify the direct risk factors of a target we need an algorithm that
learns the direct risk factors, including interactive risk factors. We develop such an al-
gorithm next.

MBIL algorithm
Next we present the new Markov Blanket and Interactive risk factor Learner (MBIL) al-
gorithm. Figure 2 shows the algorithm, which proceeds as follows:

First, procedure determine_single_predictors learns the set PA1 of single-variable risk
factors of a target 7. The procedure does this by determining whether the BDeu score
of the model in which the variable has an edge to T is greater than the BDeu score of
the model in which T has no parents. Then procedure determine_interactions uses Ex-
haustive_IGain to learn interactive risk factors of 7. Next procedure transform_from_
interactions collapses each interaction to a single variable. The set of these new single
variables is PA2, and the set PA = PA1UPA?2 is the set of all candidate direct risk factors
of T. Procedure find_parents then removes indirect risk factors of 7" from PA. It does
this as follows. When i =1, the procedure checks whether each one parent model has a
lower score than the model with no parents. If it does, the variable in the model is not
a direct risk factor and is removed from PA. When i =2 it checks, for each two parent
models, whether removing one of the variables in the model increases the score of the
model. If so, T is independent of the removed variable given the other variable, and so
the removed variable is not a direct risk factor and is removed from PA. Next when i =
3 the algorithm checks, for each three parent model, whether removing one of the
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variables in the model increases the score of the model. If so, T is independent of the
removed variable given the other two variables, and so the removed variable is not a
direct risk factor and is removed from PA. The procedure continues in this fashion
until i equals the size of PA or some maximum number R of Markov blanket variables
is reached. Finally, procedure transform_to_interactions transforms the variables repre-
senting interactions back to interactions.

Note that the algorithm does not merely find correlation, but rather identifies direct
interactive risk factors (features that directly influence the outcome of interest).

The MBIL algorithm has the following parameters:

a : The value of a in the BDeu score.
R1 : The variable R in procedure determine_interactions (Exhaustive_IGain),
which is the maximum size of an interaction.R2 : The variable R
in procedure prune_nodes, which is the assumed largest number of variables in the Markov blanket. :
The threshold in Exhaustive_IGain, which is the minimum IS needed to be an interaction.

Experiments with simulated datasets
Before applying MBIL to learn risk factors for MBC, we validated that it is effective at

this task using simulated datasets.

Simulated dataset development
We developed six BNs called Pure_Weak, Pure_Strong, Marginal_Weak_Weak, Mar-
ginal_Weak_Strong, Marginal_Strong Weak, and Marginal_Strong Strong, which were
used to generate the simulated datasets. Next we discuss how each BN was developed.
All BNs were generated using the BN DAG model in Fig. 3, each with its own values
of the parameters. The variables A and B are involved in a two-direct risk factor inter-
action, and this is implemented using the hidden variable H1. The variables C, D, and E
are involved in a three-direct risk factor interaction, and this is implemented using the
hidden variable H2. The variables F and G are each stand-alone binary direct risk fac-
tors and are implemented using H3 and H4. The effects of the hidden variables H1, H2,
H3, and H4 are combined using the Noisy-OR model [14, 16]. Next we describe how
each interaction was generated for each BN.

Fig. 3 The Bayesian network structure used to generate the simulated datasets
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The interaction between A and B was based on the relationships in Fig. 4, which pro-
vides a pure interaction. Variables A and B are both trinary predictors of the binary tar-
get H1, which has values 0 and 1. The number next to each variable value shows the
fraction of occurrence of that value in the population, and the entries in the table show
the probability H1 equals 1 given each combination of values of A and B. For example,

P(Hl =1 |A:a1,B:b2) =p.

Next we shows that variable A has no marginal effect. We have

P(H1=1|A=a,) = 0.0 x 0.25+ p X 0.5+ 0.0 x 0.25 = 0.5p
PH1=1|A=a;) =px025+0x0.5+px025=05p
P(H1=1]A =a3) = 0.0 x 0.25+ p x 0.5+ 0.0 x 0.25 = 0.5p

Similarly, variable B has no marginal effect.

Urbanowicz et al. [27] created GAMETES, which is a software package for generating
pure, strict epistatic models with random architectures. The software allows the user to
specify the heritability and the minor allele frequency. We used GAMETES to generate
the interaction between C, D, and E.

For the BN called Pure_Weak, interaction (A,B) was generated with p=0.3 in
Fig. 3; interaction (C,D,E) was generated with 0.3 heritability and 0.3 minor allele
frequency in GAMETES; and the P(H3=1|F=1) and P(H4=1|G=1) (called the
strengths with which binary risk factors F and G influence T) were set to 0.3, while
P(H3 =1|F=0) and P(H4=1|G=0) were set to 0. For the BN called Pure_Strong,
interaction (A,B) was generated with p=0.8 in Fig. 3; interaction (C,D,E) was

.25 S .25

25 |layr | 0 | p |0

5 a2 | p 0 p

.25 as 0 P 0

Fig. 4 The relationships used to generate interaction (A,B) in Fig. 3. (The number next to each variable
value shows the fraction of occurrence of that value in the population, and the entries in the table show

the probability that H1 equals 1 given each combination of values of A and B)

Page 9 of 17



Jiang et al. BMC Bioinformatics (2020) 21:298 Page 10 of 17

generated with 0.5 heritability and 0.4 minor allele frequency in GAMETES; and
the strengths for F and G were set to 0.8.

Interactions in the BN called Marginal Weak_Weak were generated using the same
relationships as in the BN called Pure_Weak, except the variables involved in interac-
tions were allowed to have weak marginal effects. Interactions in the BN called Mar-
ginal_Weak_Strong were generated using the same relationships as in the BN called
Pure_Weak except the variables involved in interactions were allowed to have strong
marginal effects. In the same way the interactions in the BNs called Marginal Strong
Weak and Marginal_Strong Strong were based on the interactions in the BN model
called Pure_Strong.

Using each of the 6 BNs, we generated 20 datasets with 2000 records, making a total
of 120 datasets. We call the set of all these datasets the Learn_Datasets. Using each of
the 6 BNs, we generated another 20 datasets with 2000 records and 20 datasets with
10,000 records, making a total of 240 datasets. We call the set of these 240 datasets the
Test_Datasets.

Simulated dataset analysis

Using the simulated datasets, we compared MBIL to three standard BN learning algo-
rithms, namely Fast Greedy Search (FGS), the PC algorithm (PC), and the CPC algo-
rithm (CPC). We used our own implementation of MBIL, and the implementations of
FGS, PC, and CPC in Tetrad [18]. The target was forced to be a leaf node in the models
learned by FGS, PC, and CPC.

We applied each method to the Learn_Datasets to learn direct risk factors for target
T. For MBIL we set R; =R, =5. We then used t=0.1 and ¢=0.2 combined with the
values 1, 120, 240, and 480 of a. FGS has two parameters, SMP and STP. We used the
following combinations of these parameters: SMP =1, STP = 1; SMP = 1,STP = 2; SMP =
2,STP =1; SMP =2,STP = 2. PC and CPC each have one parameter a; we used o = 0.01,
a=0.05 a=0.1,and a =0.2, a = 0.3.

The Jaccard index for two sets V and W is defines as follows:

#(AnB)
#(AUB)

Jaccard(A,B) =

The Jaccard index equals 1 if the two sets are identical and equals 0 if their intersec-
tion is empty. After applying each of the 4 methods with each of its parameter settings
to all 120 of the Learn_Datasets, we computed the Jaccard index of the set of true dir-
ect risk factors V={A,B,C,D,E,F,G} and the set of learned direct risk factors W for each
application. Then for each parameter setting, we computed the average Jaccard index.
For each of the 4 methods we chose the parameter setting which gave the highest aver-
age Jaccard index. The best parameter setting were as follows:

MBIL : t =0.2,a = 480
FGS : SMP =2,STP =2
PC:a=0.2
CPC:a=0.2.
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Finally, we applied each of the 4 methods with its best parameter settings to the
Test_Datasets, and for each method we computed the average Jaccard index separately
for the datasets containing 2000 records and for the datasets containing 10,000 records.

Applying MBIL to learn direct risk factors for MBC

Dataset Curation

The Lynn Sage database (LSDB) contains information about patients who came to the
Lynn Sage Comprehensive Breast Center at Northwestern Memorial Hospital for care.
The Northwestern Medicine Enterprise Data Warehouse (NMEDW) is a joint initiative
across the Northwestern University Feinberg School of Medicine and Northwestern
Memorial HealthCare, which maintains comprehensive data obtain from electronic
health records (EHR). Using the LSDB and the NMEDW, we curated a dataset called
the Lynn Sage Dataset (LSDS). The LSDS is comprised of records on 6726 breast can-
cer patients, which span 03/02/1990 to 07/28/2015. The dataset contains 32 patient fea-
tures such as HER2 status and grade, outcome variables including distant metastasis,
local recurrence, and overall survival, along with the number of days after initial con-
sultation these events occurred, and treatment variables including breast/chest wall ra-
diation, nodal field radiation, alkylating agents, anthracyclines, antimetabolites, anti-
tubulin, neoadjuvant therapy, gonadotrophin releasing hormone agonists, targeted ther-
apy, HER?2 inhibitors, anastrozole, tamoxifen, and letrozole.

Our goal in this study was to find the direct risk factors for 5 year breast cancer me-
tastasis. For the purpose of this study, we eliminated all variables that were redundant
or composites of other variables (e.g. stage), and all variables that have 1/3 or more
missing values. So, the candidate risk factors included in the study are the ones shown
in Table 1. We assigned the value yes to metastasis if the patient metastasized within 5
years of initial diagnosis, the value 7o to metastasis if it was known that the patient did

Table 1 The candidate direct risk factors in the LSDS that are analyzed in the study presented
here

Candidate Risk Factor

Description

Values

race
age_at_diagnosis
menopausal_status
size
lymph_nodes_positive
lymph_nodes_removed
lymph_node_status
grade

invasive

histology

ER

PR

HER2

P53

surgical_margins

race of patient

age at diagnosis of the disease
inferred menopausal status

size of tumor in mm

number of positive lymph nodes
number of lymph nodes removed
patient had any positive lymph nodes
grade of disease

whether tumor is invasive

tumor histology

estrogen receptor expression
progesterone receptor expression
HER2 expression

whether P53 is mutated

whether residual tumor

white, black, Asian
0-40, 40-55, 55-69, > 69
pre, post
0-32,32-70, > 70
0,1-8>8
0-11,12-22,> 22
neg,pos

1,23

yes,no

lobular, duct

neg, pos

neg, pos

neg, pos

neg, pos

res. Tumor, no res. Tumor,
no primary site surgery

Page 11 of 17



Jiang et al. BMC Bioinformatics (2020) 21:298 Page 12 of 17

not metastasize within 5 years, and the value NULL to metastasis if the patient discon-
tinued follow-up within the first 5 years and had not metastasized. The value NULL
was also assigned to all missing data fields in all variables. Missing data (NULL values)
were filled in using the nearest neighbor imputation algorithm.

We used MBIL, the constraint-based Bayesian network learning algorithm Necessary
Path Condition (NPC, and the score-based Bayesian network learning algorithm Greedy
Equivalent Search (GES) with the Bayesian information criterion (BIC) score to learn
the direct risk factors for 5 year breast cancer metastasis. We used our own implemen-
tation of MBIL and the implementations of NPC and GES in the Hugin package
(https://www.hugin.com/). The variable metastasis was forced to be a leaf node in the
networks learned by NPC and GES.

Results

Simulated data

Table 2 shows the average Jaccard indices for the Test_Datasets containing 2000 re-
cords. As would be expected, in general the performance of all methods increases as
we increase the strength of the interactive effect and the strength of the marginal ef-
fects. MBIL substantially outperformed the other methods overall and for every dataset
type. Oddly, CPC performs very poorly with the weak datasets, but performs the best
of the other methods for the Marginal_Strong Strong datasets.

Table 3 shows the average Jaccard indices for the Test_Datasets containing 10,000 re-
cords. Again, MBIL substantially outperforms the other methods. In fact, its detection
performance is close to perfect when the causal strength is strong, even when there are
no marginal effects. This results indicates that, with a sufficient amount of data, MBIL
can accurately detect all pure interactions with few false positives when the causal
strength is strong. It is somewhat odd that, in the case of the weak interactions, the
performance of MBIL degrades when we have marginal effects. This could be due to
the parent of a variable, which is involved in an interaction, being detected as a stand-
alone risk factor owing to the marginal effect of the variable. A visual inspection of
some of the results indicated this.

Our results using simulated datasets indicate MBIL is more effective than current
methods at learning direct risk factors. So, we next applied it to learn direct risk factors
for 5 year MBC.

Table 2 Average Jaccard index results for 120 datasets containing 2000 records

Dataset MBIL FGS pC CPC

Pure_Weak 0.509 0.254 0.186 0.033
Marginal_Weak_Weak 0.631 0.250 0.171 0.050
Marginal_Weak_Strong 0.650 0.257 0214 0.043
Pure_Strong 0.700 0.286 0.239 0.154
Marginal_Strong_Weak 0.850 0.286 0.254 0232
Marginal_Strong_Strong 0.890 0.300 0.304 0.368

All Datasets 0.705 0.272 0.228 0.147
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Table 3 Average Jaccard index results for 120 datasets containing 10,000 records

Dataset MBIL FGS PC CPC

Pure_Weak 0.707 0.286 0.25 0.000
Marginal_Weak_Weak 0.651 0.286 0271 0.186
Marginal_Weak_Strong 0.645 0.321 0.339 0.336
Pure_Strong 0.989 0.286 0.213 0.275
Marginal_Strong_Weak 1.000 0.321 0414 0.664
Marginal_Strong_Strong 1.000 0.568 0611 0811
All Datasets 0.832 0.345 0.350 0.379

Application of MBIL to the LSDS breast Cancer dataset

Table 4 shows the direct risk factors learned by MBIL, NPC, and GES from the LSDS.
All three methods learned that grade and lymph_nodes_positive are direct risk factors.
It is plausible that each of these variables would have a direct influence on metastasis.
Only MBIL and NPC found that surgical_margins is a direct risk factor. It is also plaus-
ible that this variable would have a direct influence on metastasis. Only NPC found that
invasive is a direct risk factor of metastasis. An inspection of the entire network learned
by GES reveals that GES determined that invasive and surgical_margins are independ-
ent of metastasis given lymph_nodes_positive according to that network. These condi-
tional independencies are also plausible.

Most notable is that MBIL learned that HER2 and ER interact to directly affect me-
tastasis. This interaction is well-known [28]. Neither GES nor NPC learned that HER2
and ER are direct risk factors. An inspection of the entire networks learned by these al-
gorithms reveals that each of them discovered that HER2 and ER are independent of
metastasis given numerous variables. The effects of HER2 and ER on metastasis, when
each is taken alone, are too small for them to be recognized as direct risk factors. The
interactive strength of 0.1297 (Table 4) for HER2 and ER may not seem that high.
However, most variable pairs have interactive strengths about equal to 0. This inter-
action of hormone receptors and growth factor receptors may be biologically due to
physical protein interactions or to the availability of specific treatment against these

Table 4 Direct risk factors for 5 year breast cancer metastasis learned by MBIL, NPC, and GES. (IS:
interaction strength as described on page 6; NA: not applicable because IS requires at least two

variables)

Method Cause IS

MBIL grade NA
lymph_nodes_positive NA
surgical_margins NA
HER2, ER 0.1297

NPC grade NA
lymph_nodes_positive NA
surgical_margins NA
invasive NA

GES grade NA

lymph_nodes_positive NA
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two markers with either intervention improving survival. In the latter case, this would
represent an interaction that is present due to our therapeutic developments and would
not be observed in naive tumors.

Note that our algorithm detects the direct risk factors (features that directly influence
the outcome of interest). This means that, according to our data, all other variables are
correlated with 5-year metastasis only through their association with our learned direct
risk factors. For example, according to a chi-square test, size and 5-year metastasis are
associated with p-value less than 0.00001. However, the MBIL results indicate that this
association is through grade, lymph_nodes_positive, surgical_margins, and/or HER2, ER.
It could be that grade affects both size and 5-year metastasis, and size has no effect at
all. Or size could indirectly affect 5-year metastasis. Regardless, based on our results,
we can direct therapy at discovered direct risk factors rather than at variables only
known to be correlated.

As shown in Fig. 5, the direct risk factors learned by MBIL have a considerable prob-
abilistic association with 5 year metastasis based on the data in the LSDS. The probabil-
ities for values of stage, lymph_nodes_positive, and surgical_margins are substantial and
in the order we would expect. The order for HER2, ER are in agreement with the order
reported in [29], except we have HER2+,ER- and HER2-,ER- reversed relative to their
order. However, we have 6726 records compared to their 1134 records, and other re-
search indicates triple negative breast cancer (HER2-,ER-,PR-) has the worst prognosis
[30], in agreement with our results. In addition, while the natural history of HER+
breast cancer demonstrates greater aggressiveness, the availability of targeted therapy
has significantly changed the outcome for the better for these patients [31, 32]..

The probability of 5year metastasis (based on the LSDS) given the most benign
values of all the direct risk factors is 0.015, while the probability of metastasis given the
most severe values is 0.468. These results are not shown in the table or figure.

grade lymph_node_positive
0.16 0.35
0.14 0.3
0.12 0.25
0.1 02
0.08
0.06 015
004 . 01 l
0.02 0.05
p [ 5 |
one two three zero one two
surgical-margins HER2, ER
0.3 0.2
0.25
0.15
0.2
015 01
0.1
0.05
= M o
0 0
no res. tumor res. tumor no primary site neg, pos pos, pos pos, neg neg, neg
Fig. 5 The probabilities of metastasis given the values of the direct risk factors for 5 year breast cancer
metastasis learned by MBIL
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Discussion

We developed the LSDS and the MBIL algorithm to learn interactive direct risk factors
for 5year MBC. The results of experiments involving simulated data indicated MBIL
can learn such direct risk factors significantly better than the standard Bayesian net-
work algorithms FGS, PC, and CPC. We then applied MBIL and the standard algo-
rithms GES and NPC to the real LSDS to learn the direct risk factors for 5year MBC.
The results for MBIL were more cogent than those for the other methods. In particular
MBIL learned that HER2 and ER interact to directly affect 5 year breast cancer metasta-
sis, while other methods did not. Their interaction is well-known.

Knowledge of the direct risk factors for metastasis can be used in two ways. First, we
can target interventions towards these risk factors. Since lymph_nodes_positive is a dir-
ect risk factor, there is no point in targeting therapy towards factors which only affect
the primary tumor since by this time the nodes are positive or not. However, we can
target the micro-metastases in the lymphatic system. If surgical_margins are known to
be a direct risk factor, surgeons can re-explore the surgery site if there is a residual
tumor. Further, if there are either positive margins or lymph nodes, the patient may be
candidate for adjuvant therapy for cryptic micrometastases even prior to emergence.
However, we can spare the toxic effects for those patients less likely to harbor such hid-
den tumor cells.

The interaction of HER2 and ER was found to be a direct risk factor, with the combin-
ation of both taking negative values having the highest risk. We already have therapy tar-
geting HER?2 positive and ER positive. However, there is no targeted therapy in the case
where both are negative. Currently, triple negative breast cancer (TNBC) is consider a can-
didate for aggressive but non-specific adjuvant therapies (chemotherapy and radiation
therapy) even in the absence of evidence of metastasis. These finding herein, support such
an approach based on risk factors. Still our results indicate developing targeted therapies
against these cryptic micrometastases would be a promising area of research.

Secondly, if we eliminate the “noisy” predictors and only use the direct risk factors in
a metastasis prediction model, we should improve prediction performance and avoid
over-fitting. We plan to investigate this conjecture in future research.

Most of our learned risk factors are well-known. However, as discussed near the end
of the last section, it is not known that they are the direct risk factors, Furthermore, to
our knowledge, we are the first to further verify risk factors systematically from a differ-
ent aspect, that is, through big data learning. We demonstrated via these results the im-
portance of data-oriented precision medicine; namely a “discovery” that was made
through years of cumulative observations and/or experiments can be identified effect-
ively by running software using available passive data. Secondly, we used these known
risk factors as gold standards to evaluate the effectiveness of our method. Note that our
method is readily reusable, so, it can be used on other cancer datasets once they be-
come available. If our method can identify well-known risk factors, then we would be
more confident it can be applied to other dataset to identify unknown risk factors or
interactions.

We applied MBIL to one dataset, and obtained meaningful results that are consistent
with current knowledge. We need to develop additional EHR-based breast cancer data-
sets like the LSDS. MBIL can be applied to each of them individually and together via a
meta-analysis, enabling us to accurately determine direct risk factors and predict
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metastasis taking into account all patient information. This would set the stage for im-
mediate tailoring of existing approaches taking into account metastatic probability, and
over the longer term, allowing for the development of targeted, ‘smart’ therapies.

Conclusions
We conclude that the MBIL algorithm is effective at identifying direct risk factors for
patient outcomes, and that it has successfully identified likely direct risk factors for 5

year breast cancer metastasis.

Abbreviations

MBC: Metastatic breast cancer; MBIL: Markov Blanket and Interactive risk factor Learner; FGS: Fast Greedy Search; PC: PC
algorithm; CPC: CPC algorithm; NPC: Necessary Path Condition; GES: Greedy Equivalent Search; LSDS: Lynn Sage
Datasets; BN: Bayesian network; DAG: Directed acyclic graph; BDeu: Bayesian Dirichlet equivalent uniform;

IG: Information gain; IS: Interaction strength; LSDB: Lynn Sage database; NMEDW: Northwestern Medicine Enterprise
Data Warehouse; EHR: Electronic health records; BIC: Bayesian information criterion; TNBC: Triple negative breast cancer

Acknowledgements
Not applicable.

Authors’ contributions

XJ and RN originated the study, developed the MBIL algorithm and wrote the first draft of the manuscript. XJ and DS
implemented the MBIL algorithm. DS's contribution was completely done while he worked as a paid student helper in
Dr. Jiang's Al lab at UPitt. RN performed all data analyses concerning the application of the MBIL, GES, and NPC to the
LSDS, and conducted all data analyses concerning the application of the MBIL algorithm to the simulated datasets. KS
conducted all data analyses concerning the application of the PC, CPC, and FGS algorithms to the simulated datasets.
KS's contribution was completely done while he worked as a DBMI Summer Intern 2017 at UPitt. AW and AB reviewed
and analyzed the findings. All authors contributed to the preparation and revision of the manuscript. The author(s)
read and approved the final manuscript.

Funding

Research reported in this paper was supported by grant ROTLM011663 awarded by the U.S. National Library of
Medicine of the National Institutes of Health (to XJ), by the U.S. Department of Defense through the Breast Cancer
Research Program under Award No. W81XWH-19-1-0495 (to XJ), and by a VA Merit Award (to AW). Other than supply-
ing funds, the funding agencies played no role in the research.

Availability of data and materials
We have submitted our dataset LSDB-5YDM to datadryad.org (DOI 10. 5061/dryad.64964 m0).

Ethics approval and consent to participate

The dataset is a result of the PROTOCOL TITLE: A New Generation Clinical Decision Support System, which was
approved by Northwestern University IRB #: STU00200923-MOD0006.

The need for patient consent was waived by the ethics committee because the data consists only of de-identified data
mined from EHR databases.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details

1Department of Biomedical Informatics, University of Pittsburgh School of Medicine, 5607 Baum Blvd, Pittsburgh, PA
15217, USA. *Department of Pathology, University of Pittsburgh and Pittsburgh VA Health System, Pittsburgh, PA, USA.
3UPMC Hillman Cancer Center, Pittsburgh, PA, USA. “Division of Hematology/Oncology, University of Pittsburgh School
of Medicine, Pittsburgh, PA, USA. *Department of Preventive Medicine, Northwestern University Feinberg School of
Medicine, Chicago, IL, USA.

Received: 6 June 2019 Accepted: 2 July 2020
Published online: 10 July 2020

References

1. CDC (Centers for Disease Control and Prevention), Leading Causes of Death in Females, United States. https://www.cdc.
gov/women/Icod/indexhtm. Accessed Jan 2018.

2. American Cancer Society. Cancer Facts and Figures. Atlanta: American Cancer Society, Inc; 2018. https:.//www.cancer.
org/research/cancer-facts-statistics/all-cancer-facts-figures/cancer-facts-figures-2018.html.

3. US. breast cancer statistic, breast cancer.org. https://www.breastcancer.org/symptoms/understand_bc/statistics.
Accessed Jan 2018.


http://datadryad.org
https://www.cdc.gov/women/lcod/index.htm
https://www.cdc.gov/women/lcod/index.htm
https://www.cancer.org/research/cancer-facts-statistics/all-cancer-facts-figures/cancer-facts-figures-2018.html
https://www.cancer.org/research/cancer-facts-statistics/all-cancer-facts-figures/cancer-facts-figures-2018.html
http://cancer.org
https://www.breastcancer.org/symptoms/understand_bc/statistics

Jiang et al. BMC Bioinformatics (2020) 21:298

owv s

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

32.

The Breast Cancer Landscape. https://cdmrp.army.mil/bcrp/pdfs/Breast%20Cancer%20Landscape.pdf. Accessed Jan 2018.

Gupta GP, Massague J. Cancer metastasis: building a framework. Cell. 2006;127(4):679-95.

Statistics for Metastatic Breast Cancer Metastatic. Breast Cancer Network. http://mbcn.org/education/category/statistics/.
Accessed Jan 2018.

Ziegler RG, Benichou J, Byrne C, et al. Proportion of breast cancer cases in the United States explained by well-
established risk factors. J Natl Cancer Inst. 1995,87(22):1681-5.

Curtis C, Shah SP, Chin SF, et al. The genomic and transcriptomic architecture of 2,000 breast tumours reveals novel
subgroup. Nature, 2012;486:346-52.

Zeng Z, Jiang X, Neapolitan RE. Discovering causal interactions using Bayesian network scoring and Information gain.
BMC Bioinformatics. 2016;17:21.

Carrington JC, Ambros V. Role of microRNAs in plant and animal development. Science. 2003;301(5631):336-8.

Lee S, Jiang X. Modeling miRNA-mRNA interactions that cause phenotypic abnormality in breast cancer patients. PLoS
One. 2017;12(8). https://doi.org/10.1371/journal.pone.0182666.

Yan L-X, Huang X-F, Shao Q, Huang M-Y, Deng L, Wu Q-L, et al. MicroRNA miR-21 overexpression in human breast
cancer is associated with advanced clinical stage, lymph node metastasis and patient poor prognosis. Rna. 2008;14(11):
2348-60.

Zhu S, Wu H, Wu F, Nie D, Sheng S, Mo Y-Y. MicroRNA-21 targets tumor suppressor genes in invasion and metastasis.
Cell Res. 2008;18(3):350-9.

Neapolitan RE. Learning Bayesian Networks. Upper Saddle River: Prentice Hall; 2004.

Pearl J. Probabilistic Reasoning in Intelligent Systems. Burlington: Morgan Kaufmann; 1988.

Neapolitan RE. Probabilistic reasoning in expert systems. NY: Wiley; 1989.

Kjaerulff UB, Madsen AL. Bayesian networks and influence diagrams. NY: Springer; 2010.

Spirtes P, Glymour C, Scheines R. Causation, Prediction, and Search. 2nd ed. New York: Springer-Verlag; 1993. Boston,
MA; MIT Press; 2000. (https://bd2kccd.github.io/docs/tetrad/).

Friedman N, Koller K. Being Bayesian about network structure: a Bayesian approach to structure discovery in Bayesian
networks. Mach Learn. 2003;50:95-125.

Heckerman D, Geiger D, Chickering D. Learning Bayesian networks: the combination of knowledge and statistical data.
Mach Learn. 1995;20(3):197-243.

Cooper GF, Herskovits E. A Bayesian method for the induction of probabilistic networks from data. Mach Learn. 1992;9:
309-47.

Chickering M. Learning Bayesian networks is NP-complete. In: Fisher D, Lenz H, editors. Learning from data: lecture
notes in statistics. New York: Springer Verlag; 1996.

Jiang X, Jao J, Neapolitan RE. Learning predictive interactions using Information Gain and Bayesian network scoring.
PLOS ONE. 2015. https://doi.org/10.1371/journal.pone.0143247.

Shannon CE. A mathematical theory of communication. Bell Syst Tech J. 1948,27(3):379-423.

Zadeh LA. Fuzzy sets. Inf Control. 1965;8:338-53.

Fabian CJ. The what, why and how of aromatase inhibitors: hormonal agents for treatment and prevention of breast
cancer. Int J Clin Pract. 2007,61(12):2051-63. https://onlinelibrary.wiley.com/doi/full/10.1111/j.1742-1241.2007.01587 x.
Urbanowicz RJ, Kiralis J, Sinnott-Armstrong NA, et al. GAMETES: a fast, direct algorithm for generating pure, strict,
epistatic models with random architectures. BioData Min. 2012,5:16.

Arpino G, Wiechmann L, Osborne CK, Schiff R. Crosstalk between the estrogen receptor and the HER tyrosine kinase

receptor family: molecular mechanism and clinical implications for endocrine therapy resistance. Endocr Rev. 2008,29(2):

217-33.

Onitilo AA, Engel JM, Greenlee RT, Mukesh BN. Breast cancer subtypes based on ER/PR and Her2 expression:
comparison of clinicopathologic features and survival. Clin Med Res. 2009;7(1-2):4-13.

Li X, Yang J, Peng L, Sahin AA, et al. Triple-negative breast cancer has worse overall survival and cause-specific survival
than non-triple-negative breast cancer. Breast Cancer Res Treat. 2017;161(2):297-87.

Parise CA, Caggiano V. Risk of mortality of node-negative, ER/PR/HER2 breast cancer subtypes in T1, T2, and T3 tumors.
Breast Cancer Res Treat. 2017;165(3):743-50.

Pichilingue-Febres AF, Arias-Linares MA, Araujo-Castillo RV. Comments on "risk of mortality of node-negative, ER/PR/
HER2 breast cancer subtypes in T1, T2, and T3 tumors" by Parise CA and Caggiano V, breast Cancer res treat, 2017.
Breast Cancer Res Treat. 2018;168(2):577-8.

Publisher’s Note

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

Ready to submit your research? Choose BMC and benefit from:

e fast, convenient online submission

e thorough peer review by experienced researchers in your field

 rapid publication on acceptance

e support for research data, including large and complex data types

e gold Open Access which fosters wider collaboration and increased citations
e maximum visibility for your research: over 100M website views per year

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions . BMC

Page 17 of 17


https://cdmrp.army.mil/bcrp/pdfs/Breast%20Cancer%20Landscape.pdf
http://mbcn.org/education/category/statistics/
https://doi.org/10.1371/journal.pone.0182666
https://bd2kccd.github.io/docs/tetrad/
https://doi.org/10.1371/journal.pone.0143247
https://onlinelibrary.wiley.com/doi/full/10.1111/j.1742-1241.2007.01587.x

	Abstract
	Background
	Methods
	Results
	Discussion

	Background
	Methods
	Bayesian networks and the Markov blanket
	Information theory and learning interactive risk factors
	MBIL algorithm
	Experiments with simulated datasets
	Simulated dataset development
	Simulated dataset analysis
	Applying MBIL to learn direct risk factors for MBC
	Dataset Curation


	Results
	Simulated data
	Application of MBIL to the LSDS breast Cancer dataset

	Discussion
	Conclusions
	Abbreviations
	Acknowledgements
	Authors’ contributions
	Funding
	Availability of data and materials
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	Author details
	References
	Publisher’s Note

