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Abstract—Hierarchical data is ubiquitous in healthcare, but
taking advantage of hierarchic information is still an open prob-
lem. We demonstrate the strengths and weaknesses of Bayesian
multilevel analysis (BMLA) in this scenario by characterizing
the multi-target relationships between genetic and phenotypic
variables. The BMLA method does not scale well with the number
of variables, thus we performed filtering using standard pairwise
genome-wide association analysis. In this first GWAS phase, we
selected only the most significant genotypic variables for further
screening. We worked with various thresholds, resulting in 274,
12, and 2 genetic variables, these were treated as interventional
variables in the second phase of data analysis using BMLA. The
hierarchy of the phenotypic variables was given a priori, thus,
we could estimate the posteriors of the relevance, i.e., for direct,
non-mediated interaction between these broader categories and
genetic markers. Additionally, we could approximate the joint
relevance of genetic markers for multiple phenotypic groups, such
as for mental health, metabolic and cardiovascular descriptors.
The existence of such multi-target (pleiotropic) genetic factors
is already indicated by significant genetic correlation between
disease groups, i.e., by the overlap of their genetic background.
Using this two-stage Bayesian systems-based method, we could
robustly induce posteriors for these multivariate and multi-target
relevance relations. The systematic investigation of a varying
number of genetic and phenotypic factors confirmed that the
method is sensitive enough to highlight the weak effects of
genetic variables that can be easily overshadowed by the strong
phenotypic correlations.

Index Terms—bayesian statistics, multitarget, hierarchy

I. INTRODUCTION

For us, humans it is very natural to order and organize
data into hierarchical structures to gain more insight and
have better maintenance capabilities, but we rarely use these
structures computationally during advanced scientific research.
The main reason behind this maybe the lack of methods
supporting hierarchical data. This kind of data is abundant
in healthcare related scenarios, e.g. the International Classifi-
cation of Diseases (ICD) uses hierarchical categories, various
scores use weighted sum of variables, which also defines a
two-level hierarchy and genetic data also has multiple levels
(single nucleotide polymorphisms (SNP), genes, gene sets,
chromosomes).

A good example for hierarchical data processing is a novel
Bayesian method called TreeWAS , which shows about 20%

increase in statistical power compared to ’classical’ methods,
by utilizing the hierarchy of disease classification [1]. An
other, a more general, regression like method, is the Hier-
archical Linear Modeling (HLM) [2].

We worked on a Bayesian method that can be used in
conjunction with classical GWAS tools and extend their capa-
bilities. Our goal was to solve a Feature Subset Selection (FSS)
problem, by finding hierarchic, multi-target, directly relevant
genetic markers. Hierarchic, meaning a marker that is directly
relevant to the target variables, on any abstraction level, and
multi-target, meaning the marker can be relevant to multiple
variables, or groups of variables. This work will be extended
with additional post-processing and visualisation steps.

II. METHODS

A. Data

Our test was based on the ’Budakalasz Health Examination
Survey’ dataset, which contains the necessary medical and
genetic information for 629 participants, after excluding genet-
ically related individuals. Our goals were to characterize the
relationship between psychiatric and cardiovascular variables
with respect to the SNPs found in the Catenin Alpha 2 gene
(CTNNA2), which encodes a protein related to neural growth
[13].

The cardiovascular status of the participants was assessed
with the Framingham Risk Score [14]. This category included
4 scoring variables: FramCVD - cardiovascular disease, Fram-
CHD - coronary hearth disease, FramHCHD - hearth diseases
related to high HDL cholesterol, FramSTROKE - stroke.

For psychiatric assessment, the Brief Symptom Inventory
(BSI) was used, which includes 9 sub-scales that were used
on the variable level.

To characterize rumination, the Ruminative Response Scale
(RRS) was used [4] with 3 parameters on the variable level.

B. Variable Selection with Linear Mixed Models Based
Genome Wide Association Study

The samples were processed according to the basic GWAS
quality control steps [8] and a linkage disequilibrium filtering
was performed on the CTNNA2 region.
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Fig. 1. Posterior probabilities between the rs17019243 SNP - RRS (on the left) and the rs12615043 SNP - RRS (on the right) based on a parameter sweep.
The sweep was completed for various virtual sample sizes (VSS), maximum parent number per nodes, parameter priors (Bayesian–Dirichlet equivalent uniform
- bdeu, Cooper-Herskovits - ch) and the number of included SNPs were gradually restricted based on relevance from the GWAS step. The number of burn-in
(1 000 000) and sampling steps (5 000 000) were constant along the batches.

After these quality control steps, only 274 CTNNA2 related
SNPs remained. This is still too much computational complex-
ity for our hierarchical method to run calculations reliably, but
enough restriction to do exploratory analysis. Thus, further
narrowing of the parameter palette was necessary. This has
been done by a Linear Mixed Models (LMM) based method,
FaST-LMM [9], to determine the most significantly associated
SNPs for each fenotype: the BMI, the Framingham compo-
nents, the BSI components, and the RRS components. This
yielded 12 distinct SNPs, from which the strongest 2 were
selected for a further, auxiliary analysis.

C. Bayesian Multilevel Analysis

To better understand the directness of the relationships
between the variables, we utilized the Bayesian network based
Bayesian Multilevel Analysis (BMLA) [6]. The naturally
rising two-level hierarchy was given explicitly was given
explicitly to the model. An other option to utilize hierarchy
would have benn the construction of mega-nodes that refer to
higher level terms. This method is limited by the exponentional
increase of the induced cardinality of the mega-node or the
blurred representativity of the underlying dependency model.
However, models at higher abstraction level could boost learn-
ing, so, we investigate the joint use of multiple models at
varying abstraction levels, but this is out of scope for this
study.

The Bayesian learning uses a Markov-Chain Monte Carlo
based methodology, where we set 1 000 000 burn-in steps
to guarantee MCMC convergence for pairwise features of

variables in this cardinality range, followed by 5 000 000
actual sampling steps to approximate the most fitting directed
acyclic graph (DAG) model for the data. Confidence of the
estimates were estimated using multiple runs and we also
performed systematic sensitivity analysis for changes in the
variable set. Because the sample-size was low (n=629), we
performed a sweep for various parameters of the BMLA tool.

We tested two parameter priors: the Cooper-Herskovits (CH)
[5] and the Bayesian-Dirichlet equivalent uniform (BDeu) [10]
[11]. And we also evaluated the effects of the virtual sample
size, and the maximum number of parents per node.

To better grasp the effect of the number of genotipic vari-
ables, we conducted our measurements with various number of
included SNPs, namely the original 274, the 12 with significant
effect, and the 2 most significant SNPs.

The categorical interactions can be measured multiple ways.
The first one is based on the probability of a direct edge
between any of the variables of the category and the external
variables, the second one is based on Markov Blanket Mem-
bership (MBM, see Fig. 3). In the present study we wanted
to analyse the directness of rumination, thus the calculations
were performed with the first option.

D. Visualisation

The output files from the BMLA were post-processed with
a python script, then based on this the styling and visualization
was done in Cytoscape v3.9.0. [12]. The post-processing
included the separate labeling of edges between variable-
variable level nodes and variable-category level nodes, the
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Fig. 2. The results of the BMLA including every SNP (for the purpose of visualisation, a limit of 0.1 for the posterior probability was introduced for edges
and zero-degree nodes were hidden). The number of variables may make the interpretation of the figure challenging, but based on the hierarchic layout, one
could easily determine SNP groups by relation with the main categories.

labeling of variable/category level nodes and the introduction
of optional posterior limits for edge visibility.

III. RESULTS

A multi-target BMLA was conducted with the 274 SNPs
of the CTNNA2 gene, remaining after the GWAS step. The
phenotpic variables were grouped based on broader categories,
the sex, age and BMI variables, alongside the genotypic
variables were set as exogenic variables. We ran calculations
to determine the pleiotropic effects of the genetic variables and
understand the directness of the variables. Because the BMLA
method can be sensitive to parameter count, we iteratively
reduced the number of genetic variables, leaving only the most
significant ones, while performing a parameter sweep for every
batch.

The results of the first batch, incorporating all the SNP
variables (Fig. 2) shows that most of the SNPs have plausible
relations (84 edges with posterior probability larger than 0.1,
with the average of 0.47) to the BSI category, while the
relation with the individual variables is not as pronounced, it is
overshadowed by the stronger relations between the phenotipic

variables. The Framingham and Rumination groups also have
numerous connections. This batch shows that the method can
detect the weak posteriors of the SNP related edges, but is not
suitable for observations, because the limiting effects of the
large variable pool on the BMLA method.

The second batch, containing only the 12 most relevant
SNPs (according to the GWAS based selection step) can be
seen on figure 4. Here we can see the two most relevant SNPs,
rs17019243 and rs12615043, moderately standing out; these
are propagated to the next batch.

After having all the SNPs sets defined we performed a
parameter sweep, the results for the two most significant SNPs
can be seen on figure 1.

IV. DISCUSSION

We used GWAS related methods to reduce the number of
variables in our multi-target study, where hierarchical data
analysis was performed with BMLA.

Our study has some limitations, namely, the number of
participants in the ’Budakalasz Health Examination Survey’
dataset was low, thus the actual number of given rare poly-
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Fig. 3. Markov Blanket Membership: Node A’s Markov blanket contains
every direct parent of A, every child of A, and every child’s parent. A posterior
MBM probability is the probability that a node is contained inside the Markov
blanket. [7]

Fig. 4. The results of the BMLA including the top 12 most significant
SNPs from the GWAS step. The two most significant SNPs (rs17019243 and
rs12615043) can be seen on the bottom.

morphisms related to the CTNNA2 gene, was in the 10 to 100
magnitude, which is in fact the lower effective boundary of the
BMLA method.

In the future this tool-set will be extended with an inter-
active visualisation tool which will aid exploratory analysis
by providing ways to dynamically show associations across
different levels in the hierarchy.
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