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Abstract—Most clinical studies are descriptive, measuring
different parameters that are associated with certain treatment
effects, while causal relations cannot be confirmed.
Computational models aid researchers to make predictions of
causality and help to focus on the most relevant part of the
data. This study used a computational model to find a causal
link between iron supplementation effectiveness, RTI, and
systemic inflammation parameters, and gut microbiome
profiles.
We used a causal discovery algorithm on a randomized
controlled trial dataset (n=72) of 6 month-old infants from
Kenya. We also used correlation and partial correlation to
determine the causal effect of any causal link.
We found that (1) expression of the Transferrin Receptor
(TfR) has a positive causal link with the serum TfR-Ferritin
ratio, whereasserumFerritin levels have a negative causal link
to TfR expression. (2) C-Reactive Protein (CRP) together with
IL-8 and IL-1β have a positive causal relation with IL-6. (3) No
causal link between iron supplementation and gut microbiome
profile. The first and second result is in accordance with the
currentbiological research findings. While the third result
shows no causality model, the skeleton might give information
for future studies on understanding the gut microbiome
profile. Computer modeling helped to uncover causality
between clinical parameters in iron deficiency anemia children
with iron-micronutrient supplementation. This could lead to
more focused studies to better understand the iron
supplementation practice as well as the biological mechanism
of RTI, gut microbiome alteration, and iron supplementation.
Keywords—causal discovery model, causality, iron deficiency
anemia,iron supplementation, inflammation,gut microbiome

I. INTRODUCTION
Roughly, 31.15% of preschool children in Africa are
categorized as iron deficiency anemia (IDA)[1][2]. In order

to counter that, a program was set for children to have a food
supplement of Iron-containing micronutrient powders
(MNPs).
A study found thatironsupplementation in Kenyan infants
has an adverse impact on the gut microbiome [3][4], leading
to gut inflammation and an abundance of pathogens.In
addition, it also amplifies diarrhea and respiratory tract
infections (RTIs) [5]. However, this clinical study could not
reveal the causal relation between iron supplementation with
the aforementioned adverse events. Thus, we propose
computational models to aid predictions of causality and help
to focus on the most relevant part of the data.
As an alternative method, we would like to explore any
causal links within the dataset reported in [3][4] applying a
causal discovery algorithm.This method calculatesa bulk of
statistical tests in order to attain, in case it is achievable, a
model of causes and effects.We put in an application for
causal modeling an algorithm that we employ from[6] called
PC algorithm. The algorithm itself is the most influential
constraint-based method that able to acquire completed
partially directed acyclic graph (CPDAG) from a dataset.
The objective of this study is to make a causal model that
could lead to more focused studies to better understand the
iron supplementation practice as well as the biological
mechanism of RTI, gut microbiome alteration, and iron
supplementation. The causal model from this study then can
be used as a guideline for a researcher to do experiments.
The paper is organized as follows. Section 2 describes
the material and method that was used. Section 3 shows the
resulting causal model. Sections 4 tells about the discussion
related to the results.
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Fig. 1. Stable Selection Framework

II. MATERIAL AND METHODS
A. Participants
We included 72 randomized control trial Kenyan infants
that were studied in [3][4]. All subjects participated in the
study should have the following scale:





Age, between 6.5 to 9.5 months.
Never had a chronic or acute disease.
Never consumed vitamin and mineral in the past 8
weeks.
Never had antibiotics in the past 10 weeks.

B. Data Description
We carefully included these few variables to be applied
to causal discoveryusing a PC algorithm[6].These variables
represent the iron level in the blood (Zinc ProtoPorpherine,
transferrinereceptor,
sTFR-Ferritin_index
and
serumferritine), inflammation status (C-Reactive Protein,
IL_1β, IL_6, IL_8, and IL_17) as well as normal and
pathogenicgut microbiome species (Bifidobacterium,
Prevotella, Streptococcus, Lactobacillusis, Bacteroides,
Veillonella, Megasphaera, Faecalibacterium, Blautia,
Clostridium, Collinsella, Megamonas, Sporacetigenium,
Enterococcus, and Eubacterium).
C. Causal Modeling
One of the underlying mechanisms of causal discovery
algorithm is Structural Equation Model (SEM). SEM able to
generate a collection of functions that later on can become
variables of particular data. As described in [7].It works with
the following formula:


Xi ←gi(Si,i), i = 1, …,p, 



The formula can be implemented very well by
Maathuisin [7] to create a collection of random variables that
embedding the causal graph in it.
P ←g1(M,P)
S ←g2 (P,S)
R ←g3 (M,R)
M ←g4 (M,M)
M denotes motivation for a prisoner to join a program
(P) that can give them some social skills (S) that hopefully
can lower the rearrests (R) level.
Reverse engineering data in orderto find the
corresponding SEM has been themain discussion of Pearl in
[8].Basically by employing a conditional (in)dependency
test, we can have DAG(s) out from combination of three
variables. The illustration of (in)dependence and its DAG(s)
representation can be seen in Table I.
Constraint-based and score-based are the two main
procedures in finding causal models from data [9]. The
detail explanation of the score-based method can be found
in [10], while the constraint-based is in [6]. Both modelsare
accessible in R-package named pcalg[11].
TABLE I REPRESENTATION OF (IN)DEPENDENCY TO DAG(S)

(in)dependency

X⫫Z |Y

X

Z|Y

DAG(s)
X
X
X

X

Y
Y
Y

Y

Z
Z
Z

Z
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Fig. 2. Output causal model executing full dataset (A), and the result of Stable Selection Framework (B).

We select PC Algorithm in this study on account of its
advantage for being able to neglect the causal sufficiency
assumption and the flexibility for us to tune its α (p values).
Based on the previous study in [3] [4], we also put in the
application for the value of α that is 0.05 as statistically
worthy of attention.
Since the data that we obtained from[3] [4] can be
categorized as relatively small sample size, thus we
performed a stable selection framework, from Fig. 1, in
order to validate the causal links that we found. We adopt
this framework from [12]. We randomly select half of our
data that would become a subset, then run PC algorithm on
it so we can have a matrix causal model of it. After that, we
repeat those actions into 500 times, until we have 500
matrices. Finally, we calculate them on average numbers.
III. RESULT
Performing PC algorithm, we computed a bulk of
statistical tests in order to evaluate causal relations between
variables. The graph of these relationships depicted in. There
are two results in this figure. (A) is the causal model when
we execute all obtained datasets (n=72). Whereas (B) is the
result of a causal model implementing a stable selection
framework. In these graphs we can observe two kinds of
relation connecting between variables. There are (“X → Y”)
and (“X ↔Y”), those are mean that X causes Y and there

might be common cause respectively. We also accommodate
plus and minus (“+ / -“) signs on our causal links as a
manifestation of underlying positive or negative correlation
on those particular two variables.
Derived from the modelin Fig. 2, there are both
Transferrin Receptor and Serum Ferritin have a direct causal
link to sTFR_Ferritin. A positive sign means the two
variables have a positive correlation (i.e. when the
Transferrine Receptor increases then the sTFR_Ferritn will
enhance), and a negative sign implicates those variables have
a negative correlation.
We did not find any causal link in the group of gut
microbiome variables,as depicted in Fig. 3, but we found the
skeleton of it. This, however, could lead to further research
looking for a correlation between them. We have confidence
that when the sample size is by some means can be
increased into two hundred records, we might find some
causal links.
IV. DISCUSSION
In the current study, we present an alternative approach
of data analysis for finding causal links between variables in
IDA dataset. Finding causality by clinical research is to
warrant the biological plausibility. However, it might
demand huge resources which most of the time is scarce.
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Fig. 3. The output of the causal model on gut microbiome variables.

Thus, the causal discovery model plays a role to give a hint for
further clinical research.
We found that variables representing iron availability:
transferrin receptor (TfR) and serum TfR-Ferritin ratio; serum
Ferritin and TfR—havea positive and negative causal link,
respectively. This causality is compatible with the iron
physiology in human body—when the expression of TfR is
increased, the serum TfR-Ferritin will also increase, indicating
low level or high demand for serum iron[13][14]. On the other
hand, when the serum ferritin is low, the expression of TfR will
increase[14][15]. Hence, the compatibility of the finding and
the biological process, show that the model is robust.
The causality amongst CRP, IL-1β, and IL-8 with IL-6
might be explained by the fact that all those variables have
inflammatory properties. We also found an interesting finding
that there is no causal link between iron supplementation and
gut microbiota. In the clinical trial, they discovered that iron
supplementation adversely affects the normal flora and
increased the abundance of pathogens in the gut. This could be
partially explained by the fact that we use only a small data set.
One of the strengths of this study is that we use a very
small sample set of data since a study of causal discovery
normally works with 200 or more sample size. However, we
found some causal links out of it.
In conclusion, implementation of causal discovery
employing PC algorithm in Kenyanclinical trial of children
with iron deficiency anemia found that (1) expression of the
Transferrin Receptor (TfR) has a positive causal link with the
serum TfR-Ferritin ratio, whereasserumFerritin levels have a

negative causal link to TfR expression. (2) C-Reactive Protein
(CRP) together with IL-8 and IL-1β have a positive causal
relation with IL-6. (3) No causal link between iron
supplementation and gut microbiome profile.
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