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THIS supplementary document is intended to explain and clarified the journal paper in more details.

I. LINK STRENGTH METHODOLOGY

In this paper, we employed local and global sensitivity analysis [1] that consists of Mutual Information (MI) and Link Strength
(LS). The Link Strength methodology finds a structure for locating latent variables within a Bayesian structure. We exploited
the following measures to handle the uncertainty in the discovered model:

• Entropy introduced in [2] to measure the uncertainty in a single node and shown below:

U(X) =
∑
xi

P (xi) log2
1

P (xi)
. (1)

• Mutual Information is a way of inferring links in data and measuring the connection strength [2] [3]. The MI between
node X and Y is uncertainties in Y that is decreased by knowing the state of X (or vice verse):

MI(X,Y ) = U(Y )− U(Y |X), (2)

where U(Y |X) is calculated by averaging U(Y |xi) over all possible states xi of X , taking P (xi) into account in which:

MI(X,Y ) =
∑
x,y

P (x, y) log2(
P (x, y)

P (x)P (y)
). (3)

• The Link Strength [4] measure enables us to observe the impact of each discovered edge. Moreover, the percentage points
of uncertainty reduction in Y are utilised by knowing the state of X if the states of all other parent variables are known.
There are two types of LS in measuring uncertainties: True Average Link Strength (LSTA), and Blind Average Link
Strength (LSBA).

• The LSTA calculates LS based on the average over the parent states using their actual joint probability. For a node with
only one parent, MI Percentage and the LSTA Percentage yields the same value. LSTA of the edge X → Y is defined as
the MI of (X,Y ) conditioned on all other parents of Y, which shown as:

LSTA(X → Y ) ,X requires P(For all parents of Y) (4)

= MI(X,Y |Z) = U(Y |Z)− U(Y |X,Z) (5)

where U(Y |X,Z) is the average over the states of all parents, and U(Y |Z) is the average over all other parents.
• The LSBA is derived from the LSTA but ignores the actual frequency of occurrence of the parent states. Thus, in the

LSBA measure, all parents are assumed to be independent of each other and uniformly distributed.

LSBA(X → Y ) = requires no inference at all. (6)

The same probabilities as the corresponding absolute measure above are converted to each percentage measure. For
removing all uncertainty, we require deterministic functions, in which the state of a child is completely known if the
states of all of its parents are known. Representing all parents from Y in MI(X,Y |Z) in Equation(5) essentially blocks
all information flow through the other parents, Z. According to [5], we are confident that there are no other indirect open
links between Y and X through descendants of Y , once all different parents are instantiated then there is a direct link
from X to Y .
Theorem: Consider a BN (G,P ) consisting of a DAG (G) and a joint probability (P ). Let X → Y be an edge in G
and denote the set of all other parents of Y as Z. Let G% be the modified DAG generated by deleting edge X → Y in
G. Then X and Y are conditionally independent given Z in BN (G%, P%) for any joint probability P%. As indicated
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TABLE I
PATIENT-BASED PREDICTION ACCURACY.

Complication Retinopathy Retinopathy Liver disease Liver disease
Method B-K2-REVEAL IC*LS B-K2-REVEAL IC*LS
Early 90 95 92 97
Late 2 2 0 0
Hit 0 2 2 1
Miss 8 1 8 2
FP 0 1 0 0
FN 8 2 8 2
TP-Early 1 0 2 2
TP-Late 24 25 18 18
TN-Early 68 73 75 81
TN-Late 2 2 0 0

by the LSTA, most links are quite strong, can be classified as significant, except for those with LSTA of less or equal
to zero (removed from the final structure). The LS measure may be useful in the context of constraint-based structure
learning algorithms to derive hypotheses of a system’s primary causal pathways. In addition, it can be used to evaluate
the quality of the structure learning algorithms. Currently, structure learning algorithms are evaluated by counting the
number of incorrect arrows when identifying known systems. It may be more appropriate to weight those counts by the
LS of the incorrect arrows. By setting the value of the LSTA greater than 20 percent, though, overfitting in the DAG can
be reduced.

II. LATENT STRUCTURES

Some variables are unmeasured but have potential to be developed, called hidden or latent variables. Based on Pearl’s causality,
a latent structure is a pair L =< D,O > in which D is a causal structure over variables that O is a set of observed variables.
The IC* algorithm returns a marked pattern, a partially DAG that contains four types of edges:

1) A marked arrow O1
*−→ O2, signifies a directed path between observed nodes (O1 and O2) in the underlying latent

structure (and there is no latent common cause for these two nodes).
2) A bi-directed edge O1 ←−−→ O2 signifies a latent common cause (O1 ←− L −→ O2) in the underlying latent structure, or

there is an inducing path between two variables, thus there is no directed path between them.
3) An unmarked arrow O1 −→ O2, signifies either a directed path from O1 to O2 or a bi-directed edge.
4) An indirect edge O1 −− O2, stands for either O1 −→ O2 or O1 ←− O2 or O1 ←−−→ O2.

III. PATIENT-BASED VALIDATION

Table. I demonstrates the effect of early/late time prediction of comorbidities. If a patient is diagnosed with a complication earlier
than their actual observed occurrence time, it is called an early prediction otherwise known as a late prediction. Patient-based
prediction performance for two complications (retinopathy and liver disease) is assessed in Table. I, representing percentage of
patients in which they are diagnosed early and late based on different structure learning methods (i.e., the K2 and IC*LS). We
identify the diagnosis point as a comorbidity is diagnosed. The results of class confusion matrices and the prediction accuracy
are shown in terms of percentage of patients who are diagnosed correctly (Hit) and incorrectly (Miss) in the same time as
the diagnosis time. Moreover, results from confusion matrices are retrieved as number of False Positives (FP), False Negatives
(FN), True positives in the early prediction (TP-Early), True Positives in the late prediction (TP-Late), True Negatives in the
early prediction (TN-Early), True Negatives in the late prediction (TN-Late). These results have been used to reveal that a
better prediction accuracy is generally achieved by using the IC*LS method and interpreted in the body of the paper.

IV. LATENT VARIABLE AS EVIDENCE

In this section, we look at the influence of the latent variable as evidence to predict the complications. As mentioned earlier, the
aim of this research is to explore the impact of the targeted latent variable on prediction of the T2DM complications. Here, we
validate the results to uncover influential factors in the diagnosis with regard to a set of diagnosis targets given the evidence.
This target was possible to achieve due to the nature of the Bayesian inference, where any T2DM comorbidity or risk factor
could be queried using a joint probability distribution. The bar chart in Fig. 1-a shows how the probability of retinopathy being
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Fig. 1. Prediction probabilities for retinopathy, liver disease and hypertension using the Latent variable as the evidence.
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Fig. 2. Bootstrap Confidence Interval represents accuracy, sensitivity, specificity, and precision to predict liver disease.

in its high value (the diagnosis point) changes by setting the evidence on the comorbidity-related risk factor. For instance,
the marginal probability of one or more patients being diagnosed with retinopathy is 0.05 (no evidence set). According to the
DBN model, setting evidence to the latent variable increases the marginal probability of retinopathy from 0.05 to 0.29. Thus,
we guarantee that the latent variable has a significant impact on the target comorbidity posterior probability. However, setting
evidence on the latent variable changes the posterior probability of liver disease and hypertension from 0.99 to 0.97 and from
0.95 to 0.88, respectively. This shows the latent variable has a negative impact on developing liver disease and hypertension
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whilst a much stronger positive effect on retinopathy.

V. CONFIDENCE INTERVAL RESULTS

The experimental evidence on bootstrapping are explored in this section. In the bootstrap related literature, there are some
articles that deal with bias issues in the data in order to enhance convergence accuracy [6] [7] [8]. For example, in a situation
in which asymptotic confidence intervals are known and correct, bias-corrected and accelerated (BCa) confidence intervals
have been demonstrated to show faster convergence and increased accuracy over ordinary percentile-based methods whilst
retained the robustness [9]. The findings provided in here reveal the influence of using a latent variable on the bootstrapped
data in predicting liver disease. We compare the accuracy percentage average, among 250 times bootstrap, of the three methods
(K2-LATENT-B, IC*LS-NO-LATENT-B, and IC*LS-LATENT-B), which are 88, 86 and 99 per cent, respectively. We also
illustrate error bars on the top of the bar charts. These results reveal that IC*LS-LATENT-B has higher accuracy than IC*LS-NO-
LATENT-B and K2-LATENT-B, while IC*LS-NO-LATENT-B error bar is larger than others. The error bar in K2-LATENT-B
is quite big due to the corresponding confidence interval of IC*LS-NO-LATENT-B. However, a smaller confidence interval in
IC*LS-LATENT-B makes the corresponding error bar consistent. Whenever the error bars overlap, as in the sensitivity analysis
in Fig. 2 b, which lower bottom of the error bar in K2-LATENT-B is lower than the top of error bar in IC*LS-LATENT-B,
then statistically speaking these two averages are not different, even though the means themselves are totally different. In
contrast, the error bars in Fig. 2 IC*LS-LATENT-B and IC*LS-NO-LATENT-B do not overlap, whereas the results of means
show that they are pretty much the same average, then we can say they are statistically different. We are confident that without
using a latent variable the performance measures is reduced considerably, as seen in Fig. 2 IC*LS-NO-LATENT-B compared
to K2-LATENT-B. Overall, we are at least 95 per cent sure that exploiting IC*LS causes a huge and significant improvement
in the classification precision, accuracy, sensitivity, and precision compared to the K2 and no latent variable results (see Fig.
2).
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