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The Ministry of Health of Uganda collects weekly surveillance data on several notifiable diseases

throughout the year. This data is to inform policy formulation as well as aid in forward planning.
A lot of the associations between these diseases is heuristically known by the epidemiologists. In

this paper we present a computational way of analyzing the relationships that exist amongst these

diseases and also use techniques in spectral graph clustering to form covariate groups of these
diseases.

Categories and Subject Descriptors: I.2.1 [Computing Methodologies]: Artificial Intelligence

– Medicine and Science.

General Terms: Disease Association learning, spectral clustering.

1. INTRODUCTION

The Uganda Health Management Information System (HMIS) is the principle tool
used by the Ministry of Health in Uganda to collect all health related data in the
country for purposes of planning, managing and evaluating the health care system
in Uganda. The HMIS specifies specific periodic data collection routines for all
health centers in the country to collect data on specific diseases and other health
related items. Most of the analysis of this data is done using legacy statistical
techniques. In this paper we present some computational techniques from latest
research in computing and try to address them to this data for purposes of a more
general analysis.

We use two different techniques to determine associations amongst a specific
section of diseases of the data collected. One of these techniques are based on
discovering Markov blankets for each disease while the other technique is based
on relevance learning. Markov blanket techniques try to find the set of features
that constitute the immediate family of a particular feature and these include the
parents of the feature (causes) the children (effects), the cousins and the uncles.
This set describes all the features that have an effect on that particular feature due
to the associative nature of their linkage. Relevance learning techniques attempt
to discover features relevant for the classification of a particular feature. This is
important because features relevant for classification by implication can be used to
uniquely separate a particular feature from the rest which is very important when
looking at disease data.

Spectral graph clustering has been used in several fields as a technique for clus-
tering or splitting up graphs in to associative clusters or groups. These covariate
groups can be used to provide a better understanding of the individual group mem-
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bers in relation to the other group members and also relative to the whole graph.
This technique is especially important because by adjusting the number of clusters,
it is possible to adjust the associative strengths of members in the clusters.

For epidemiological surveillance data it is important to know what associative
relationships exist between the diseases as this aids prediction, planning and man-
agement. It is worth noting that these associative links could be because of extra
latent variables that may be causing both diseases in an associative relationship.
This is common in disease data and we show that by using these techniques we
can actually cluster the diseases in the same envelop with plausible causative la-
tent variables. The next section discusses the notifiable diseases we looked at. We
further discuss the actual associative and graph clustering techniques in the later
sections together with our results.

2. DATA

A notifiable disease is any disease in a particular country whose every incidence
has to be reported to relevant government authorities. The aim of this is usually
to enable the government monitor the disease effectively as well as strategize on
how to handle the disease especially if an epidemic is suspected. The HMIS high-
lights the following diseases as notifiable diseases; Acute flaccid paralysis, Cholera,
Dysentery, Guinea worm, Measles, Meningococcal Meningitis, Neonatal tetanus,
Plague, Rabies, Yellow fever and other Viral Hemorrhagic Fevers.

The HMIS has a tool that is used to capture this data weekly. This tool the
HMIS 033b is a form that records weekly the number of new cases of a particular
notifiable disease and the number of deaths from a particular disease for the previous
week. The data used in this paper comprises over seven years of this data from
80 districts of Uganda and has just over 30,000 records. Preprocessing steps for
the data involved removing all records with missing values. For this study we also
considered only the weekly disease incident counts and not the deaths.

3. ASSOCIATIVE ANALYSIS

Associative analysis for the notifiable diseases was done by applying two techniques
to the dataset and then determining the strengths of the link between any two
diseases from the results of the two techniques/algorithms. If all techniques identify
a link between any two diseases then the link has a weight of 2 indicating its
strength. If a link is only identified by one of the techniques then it has a lower
weight of 1. It is also possible that one of the algorithms can identify a relationship
for example disease1 ←→ disease2 as well as disease2 ←→ disease1. In such a
case the strength of the link between disease1 and disease2 is quantified as 2 for
that particular algorithm. If the second algorithm discovers the same relationship
twice then the strength of the link is increased to 4. So in essence a link between
any two diseases can have a weight of up to 4. The weights hence indicate how
confident we are of the association between any two diseases. The description of
the two algorithms follows in detail.

3.1 HITON

HITON is a standard algorithm that can be used for feature selection. Assuming
the joint data distribution is faithful to a Bayesian Network, HITON carries out
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statistical tests on the data to determine the Markov boundary and the Markov
blanket of a target variable. The Markov boundary/blanket consists of those vari-
ables/diseases that have statistically been found to have an influence on the target
variable of choice. HITON has been proven to accrue two main advantages over
other feature selection algorithms: 1) it reduces the number of variables in the pre-
diction models roughly by three orders of magnitude relative to the original variable
set while improving or maintaining accuracy, and 2) it outperforms the baseline al-
gorithms by selecting smaller variable sets than the baselines [Aliferis et al. 2003].
We have also used HITON previously in other work and in competitions and it has
performed reliably.

Using HITON on our dataset, we obtain a skeleton that represents relationships
between the different variables or diseases. Because this is an undirected graph, the
skeleton does not provide any causal information but only associational information
between the different diseases.

3.2 RLVQ

Relevance Learning Vector Quantization (RLVQ) and LVQ are prototype-based
classification methods applied in supervised learning. They employ a distance mea-
sure (typically Manhattan distance or quadratic Euclidean distance) that quantifies
the similarity of a given feature vector with a prototype (representative) of any par-
ticular class. The distance measure (Manhattan distance) for two arbitrary vectors
x, y ∈ <N can be defined as:

d(x, y) =
N∑
j=1

|xj − yj | . (1)

Because the features have varied meanings and magnitudes in the data, quantify-
ing their similarity by a uniform distance measure tends to be problematic. These
differences are accounted by relevance learning schemes like RLVQ that employ
adaptive scaling factors that scale the features based on their relevance for classifi-
cation. This takes the form

diλ
(
wi, ξ

)
=

N∑
j=1

λij
∣∣wij − ξj∣∣ (2)

where the adaptive relevance factors λij are restricted to non-negative values and
obey the normalization

∑N
j=1 λ

i
j = 1. The special case λij = 1/N for all j = 1, . . . N

is analogous to the original LVQ measure. The RLVQ adapts the prototypes and
the relevance factors for each training run through the data until the error rate is
at a minimum. Further details on LVQ and RLVQ can be obtained from [Bojer
et al. 2001].

These methods have been used is several applications because on top of being
intuitively easy to understand they are easy to implement and their complexity is
controlled by the user. For our purposes however we draw from the fact that they
are fast and have been shown to give high accuracy in identifying relevant features
for classification [Biehl et al. 2007].

By combining the results from both techniques, it was possible to construct
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a graph illustrating the relationships between the diseases. This is presented in
Figure 1. As can probably be expected the graph depicts a highly connected graph
with multiple relationships between the diseases. The links between the diseases
represent associative relationships of varying strengths (strengths not shown).
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Fig. 1: Association graph showing the associative linkages between the notifiable diseases repre-
sented as : Dysn - Dysentery, Typn - Typhoid, Gwmn - Guinea Worm, Nntn - Neonatal Tetanus,
Menn - Meningococcal Meningitis, Plgn - Plague, Mssn - Measles, Afpn - Acute Flaccid Paralysis,
Chon - Cholera, Slsn - Sleeping Sickness.

4. SPECTRAL GRAPH CLUSTERING

Associating weights of the links/relationships between the diseases enables us to
cluster the diseases into groups. We can conjecture that the groups represent clus-
ters of diseases that could probably have a similar cause hence tend to appear at
the same time in a community or probably they have causative properties such that
if one occurs, then it is easier or most likely the other will occur due to weakened
immunity or other reasons of a similar nature. For disease data this clustering is
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especially important as it provides a basis for policy formulation at the high level
and planning and prevention mechanisms at the field level.

Consider our graph in Figure 1 represented as an undirected graph G = (V,E)
where V is a finite non-empty set whose elements are the diseases/nodes and E is
a set of pairs of distinct elements of V such that (X,Y ) ⊆ E, represents an edge
from node/disease X to node/disease Y . The weight on each edge is denoted as
w (X,Y ) and is a function of the similarity/dissimilarity betweens nodes/diseases
X and Y .

Graph clustering involves partitioning the set of vertices of V into disjoint sets
V1, V2, V3 . . . Vn, such that the similarity amongst the vertices in set Vi is high and
across different sets Vi, Vj is low. If we consider a graph to be partitioned into
two sets V1 and V2 such that V1

⋃
V2 = V and V1

⋂
V2 = φ. This can be done by

removing all the edges connecting the two sub-graphs. The degree of dissimilarity
between the two sets sub-graphs can be computed as the total weight of the edges
that have been removed. This is referred to commonly as the cut.

cut(V1, V2) =
∑

x∈V1,y∈V2

w(x, y) (3)

The optimal set of sub-graphs would be one that minimizes the cut. This graph
clustering method is referred to as the minimum cut based graph partitioning.
Further research in image segmentation indicates that obtaining the cut as a fraction
of the total edge connections to all nodes in the graph gives better performance
since it minimizes the risk of single or few node graphs. This is referred to as the
Normalized cut (Ncut).

Ncut(V1, V2) =
cut(V1, V2)
cut(V1, V )

+
cut(V1, V2)
cut(V2, V )

(4)

The normalized criterion of graph segmentation was originally developed for image
segmentation. We generalize it here and employ it for the segmentation of a graph
of diseases representing the relationships amongst them.

5. RESULTS AND DISCUSSION

Having obtained the graph in Figure 1 from the Markov blanket feature association
method and the feature relevance based RLVQ, we obtained a weight matrix based
on the weights of the edges between individual diseases. A normalized cut criterion
based graph segmentation was then employed with different limits on the number
of segments to split the graph into. With repeated segmentation of the graph with
different limits on the number of segments we were able to see how the relationships
between different diseases change when the number of disease groupings are varied
between the extreme cases of having only one group (Figure 1) and having 10
different groups corresponding to the 10 different individual diseases.

Figure 2 depicts interesting results from an intuitive analysis of the groupings.
Segment 2 represented by trapezium nodes consists of a group of three diseases,
Dysentery, Guinea Worm and Sleeping sickness which is interesting because all these
diseases have causes related to sanitation for example unclean water (Dysentery,
Guinea Worm) and stagnant water(Sleeping sickness). There is also a stronger link
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Fig. 2: Graph showing segmentation into 3 subgraphs. Segment 1(Circular Nodes) : Typn -

Typhoid, Nntn - Neonatal Tetanus, Menn - Meningitis, Mssn - Measles, and Afpn - Acute Flaccid
Paralysis. Segment 2(Trapezium Nodes) : Dysn - Dysentery, Gwmn - Guinea Worm and Slsn -

Sleeping Sickness. Segment 3(Square Nodes) : Plgn - Plague and Chon - Cholera,.

(edge weight of 3) between Dysentery and Sleeping sickness compared to between
Dysentery and Guinea Worm (edge weight of 1) which is also quite interesting
because Sleeping sickness and amoebic dysentery are both caused by protozoan
parasites that enter the body through bites from flies and mosquitoes. Segment 3
consisting of Cholera and Plague also makes intuitive sense as both are bacterial
diseases that can be generally grouped together.

Graph segments in Figure 3 (a) and (b) further show how the relationships evolve
when more laxity on the limit of groups is given. The strength of the relationships
depicted amongst members in groups grows with increase in the group segmentation
limit. It is interesting to note that some links previously discovered with high
weights for example Dysentery and Sleeping sickness still hold throughout all the
graphs. Also more intuitive associations seem to appear for example Neonatal
tetanus ←→ Meningitis, Acute Flaccid paralysis ←→ Measles, and Typhoid ←→
Guinea Worm.
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(a) Graph with segmentation limit = 4
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(b) Graph with segmentation limit = 5

Fig. 3: Graphs depicting groups of diseases with segmentation limits set to 4 and 5. The groups
of diseases are characterized by unique Node shapes with circular, square, trapezium and paral-

lelogram Nodes representing the 4 different groups in (a) and similar distinct shapes representing

the groups in (b).

6. CONCLUSION

In this paper we have shown how associations between diseases specifically notifi-
able diseases can be found by applying techniques from causal machine learning,
pattern recognition and image processing. From a dataset spanning over 6 years,
associations amongst 10 notifiable diseases in Uganda were established. The epi-
demiological department at the Ministry of Health in Uganda has been making
most of these associations intuitively and using experience from the medical field.
In this paper were able to show that these associations can actually be discovered
from the data. We were also able to show that we can group these diseases in to
categories determined by the degree of association amongst the diseases in a partic-
ular category. This clearly has implications in disease prevention and monitoring.
Further research will be to extend this research into determination of the prediction
accuracy of a particular disease given its group relative to the whole disease space.
Adding other algorithms in the initial stage of obtaining the undirected graph and
trying different segmentation techniques will also be the focus of future research.



8 · Mwebaze et al.

7. ACKNOWLEDGMENTS

We thank the Ugandan Ministry of Health for providing the disease surveillance
data. The project was supported in part by the NUFFIC NPT project.

REFERENCES

Aliferis, C. F., Tsamardinos, I., and Statnikov, A. 2003. HITON, A Novel Markov Blanket

Algorithm for Optimal Variable Selection. In Proc. of the 2003 American Medical Informatics

Association (AMIA) Annual Symposium. 21–25.

Biehl, M., Breitling, R., and Li, Y. 2007. Analysis of Tiling Microarray Data by Learning
Vector Quantization and Relevance Learning. In Proc. of the 2007 IDEAL.

Bojer, T., Hammer, B., Schunk, D., and von Toschanowitz, T. 2001. Relevance determination

in learning vector quantization. In European Symposium on Artificial Neural Networks, V. M,
Ed. d-facto publications, 271–276.


