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Abstract 

When designing an outbreak detection system, it may be pref-
erable to use existing medical data as input instead of request-
ing additional date from medical professionals. In this paper 
we propose using existing symptom data and reported immu-
nological reactions in EPRs in combination with a model 
based on the anatomy of disease. We argue that these data for 
all patients in a geographical area are sufficient to indicate 
the increase in incidence of infectious diseases. We transform 
lexical patient data in a seven-step algorithm to a two-
dimensional space representing the medical anomalies in a 
geographical area. 
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Introduction 

An infectious disease can potentially cause an increase in in-
cidence over a period of time in a geographical area. To de-
termine whether such an increase is indeed the result of an 
infectious disease, we need to identify which patients are af-
flicted by any anomalous infection, and what these patients 
have in common. To search for a common cause we need to 
examine the essence of the infection; i.e., the type of immuno-
logical reactions (IRs) caused by it, the body parts affected 
and the microorganism causing it (determined later by labora-
tory research). These basic elements of an infectious disease 
are represented in Figure 1 as 
introduced by Bassøe [1]. 

The elements that can be detected 
by the patient in an early stage of 
disease are affected body parts 
and immunological reactions. In 
recent years electronic patient 
records (EPRs) have be mined for 
symptoms, signs and laboratory 
results [2, 3]. In an EPR, we will 
find symptoms and immunologi-
cal reactions reported by the pa-
tient or found by their medical 

contact person. From the symptoms we can deduce which 
body parts are likely involved. By collecting this information 
for all patients living in an area, we can calculate which pa-
tients display related symptoms and are potentially afflicted 
with the same infection. 

In this paper we will demonstrate seven steps to transform 
symptom data into evidence for possible disease outbreaks, 
with the model that closely mimics the effect of disease on 
human anatomy [4].  

Materials and Methods 

From lexical data representing symptoms and IRs, extracted 
from EPR we build a map containing clusters in seven steps. 
Each step has an algorithm associated with it. Note that the 
correctness of these algorithms is not taken into account here, 
as it exceeds the scope of this paper. The steps are presented 
below. 

From symptoms to EPR (1) 

Symptoms will be added into a patient’s EPR based on that 
patient’s statement of symptoms to a medical professional. 
Alternatively, a social networking site such as Facebook could 
be used as a source for symptoms.  

For each symptom a timestamp will be added to the symptom 
to distinguish time of onset. This will give us the possibility of 
discarding symptoms that are likely not topical anymore for 
any current infectious disease outbreak. 

Microorganisms   Inf Body parts 

Immunological reactions 

Figure 1 – General model of infections. 
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The EPR in use will be a problem-oriented like 
PROMED, which is described elsewhere [5]. 
This facilitates data extractions by eliminating 
all notes on other problems than infections. Di-
rect access to signs of infection and immune 
reactions are obtained automatically [6, 7]. 

From EPR to tree (2) 

Lexicographical analysis will be used to extract a 
patient’s symptoms, reported over a certain time 
period from the EPR. We locate the body part(s) 
and the disorders associated with each of the 
symptoms. We have a predefined tree organizing 
all organs based on their hierarchical place in 
different systems within the human body. Based 
on this tree, we create a new tree to represent the 
organs likely involved in our patient’s symp-
toms. Each node represents a body part and will 
get a label ∈{0,1,2,…} based on the number of 
symptoms reported associated with that body 
part by that patient. 

As a result we have a collection of trees repre-
senting the medical status of all patients in an 
area. Any trees containing only a root represent 
healthy patients 

From tree to distance measurement (3) 

For each new patient, or patient reporting new 
symptoms, we calculate the distance to other 
patients, based on the tree created in step 2. The 
distance between patient A and patient B is esti-
mated by calculating how many steps (deletion, 
insertion, change of label) are necessary to 
change the tree representing patient 1 into the 
tree representing patient 2. This is called the Le-
venshtein distance between trees [8]. 

From distances to map (4) 

After calculating all distances between all patients, we have 
attained a matrix of distances. We use an iterative push-and-
pull algorithm to create a map of patients, approximately rep-
resenting the relative similarities between their conditions. We 
create this map by randomly distributing points over a two-
dimensional space, and adjusting for relative distances be-
tween points by push-and-pull operations [9]. This is an im-
portant step, since it facilitates a way to visualize the patient 
data of an entire geographical area. 

Adjust map for additional data (5) 

We then adjust the position of the patients on the map, based 
on data on additional symptoms reported in the EPR, that can-
not be directly related to a specific body part (such as fever or 
high body temperature), their geographical proximity, family 

relation to one another and whether they belong in the same 
age group. 

From map to layered map (6) 

For each patient, we determine if they have experienced any 
immunological reactions. All groups of data points represent-
ing immunological reactions of the same type (e.g. type 3 for 
bacterial infections and type 4 for viral infections) can be rep-
resented in separate maps. The overlap of these maps will be 
the map from step 5. 

From layers to clusters (7) 

For each layer created in step 6, we detect clusters. If any of 
the clusters contains more than a predefined number of pa-
tients, there might be reason to believe that there is an out-
break of an infectious disease in the geographical area we are 
analyzing.  

Whole body, 0, 0 

Respatory tract, 8, 0 

Nose, 362, 0 

Nasal cavity, 363, 0 

Nasal part of pharynx, 364, 0 

Oral part of pharynx, 365, 1 

Laryngeal part of pharynx, 368, 2 

Epiglottis, 369, 2 

Larynx, 370, 2 

Trachea, 372, 2 

Left major bronchus, 374, 2 

Right major bronchus, 373, 2 

Figure 2 - Tree representation of patient with influenza pneumonitis 
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At this point the cluster of pa-
tients can be further analyzed, 
to determine overlap in symp-
toms and immunological reac-
tion, to make a prediction 
about the nature of the out-
break, and take actions accord-
ingly. 

We suggest either k-means 
cluster [10] or visual detection. 
In the first case, visual detec-
tion can be done to crosscheck 
the result. 

Summary 

We have identified seven steps 
to transform symptom data 
into evidence for possible dis-
ease outbreaks. The model 
mimics the effect of disease on 
human anatomy. The steps are 
as follows: (1) From symptoms 
to EPR; (2) From EPR to tree; 
(3) From tree to distance 
measurement; (4) From dis-
tances to map; (5) Adjust map 
for additional data; (6) From 
map to layered map; (7) From 
layers to clusters. 

In future work, we will add an 
eighth step in which we will 
study the source and direction 
of the outbreak after its exist-
ence has been established.  

Results 

To demonstrate the seven steps 
of the algorithm, we imple-
mented a basic version using 
Python. As examples for illustrating the system we have used 
the likely symptoms of patients with influenza pneumonitis, 
pneumococcal pneumonia, E. coli pyelonephritis and E. coli 
cystitis. The first two diseases primarily affect the respiratory 
tract. The latter two diseases affect the urinary tract. A virus 
causes the first disease, while bacteria cause the latter three. 
Patients infected with these diseases will therefore likely expe-
rience different IRs and symptoms affecting different body 
parts. 

Examples of trees representing the affected organs of the pa-
tients with the first two diseases are shown in Figure 2 and 3. 
In these figures, the affected organs are followed by their code 
in our system and the number of symptoms likely affecting 
them. 

When we transform data for patients with these four diseases, 
using algorithm 1 through 4, we arrive at a two-dimensional 

map visualizing how closely the medical status of the patients 
is related. 

Since this data is random and any additional medical data 
describing direct similarities between patients will be 
arbitrary, we have not included step 5 in this example. Fur-
thermore, we have not included a layered map of immunologi-
cal reactions in this paper. However, it can easily be derived 
from Figure 4; taking into account that only Influenza pneu-
monitis gives IR reactions indicating a virus infection. The 
others indicate a bacterial infection. We can visually divide 
the two types of infection. 

In figure 4 we can also visually identify approximate clusters 
for the different diseases. 

 
 

Whole body, 0, 0 

Respatory tract, 8, 0 

Nose, 362, 0 

Nasal cavity, 363, 0 

Nasal part of pharynx, 364, 0 

Oral part of pharynx, 365, 1 

Laryngeal part of pharynx, 368, 1 

Epiglottis, 369, 1 

Larynx, 370, 2 

Trachea, 372, 3 

Left major bronchus, 374, 3 
Right major bronchus, 373, 3 

right superior lobe bronchus, 721, 1 

apical segmental bronchus, 726, 1 

Bronchioli, 812, 1 

Alveoli, 833, 1 

Figure 3 - Tree representation of patient with pneumococcal pneumonia. 
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Discussion 

The results presented here strongly 
suggest that with minimal medical 
knowledge, clusters of patients can 
be detected and a prediction of types 
of infectious diseases with high inci-
dence can be made. Due to the two-
dimensional structure of the output 
data, a quick visualization can be 
made, which opens for the possibil-
ity of rapid surveillance of infectious 
diseases in clinical practice. 

Since the input data represents the 
anatomical structure of disease con-
cisely and objectively, only a few 
parameters are needed as input, and 
all parameters are readily available 
in an EPR. In particular, it is unprob-
lematic to automatically extract data 
on immunological reactions [6]. The 
simplicity of the combined algo-
rithms seems promising. 

Figure 4 shows correlation between 
data representing patients with similar health profiles. More 
correlation will likely be found if step 5 of our algorithm is 
taken into account, where other important overlapping health 
data will push the points together. However, the data used for 
this paper is simulated and adding further similarities between 
patients would be trivial.  

In a follow up of this research, we will include real data and 
integrate an automatic mapping from symptoms to likely af-
fected organs. 

Conclusion 

The development of strategies for the detection of infections 
before the onset of the symptoms is critical, especially given 
the limitations of the current disease surveillance systems that 
are based only on people’s awareness of their health status. 
This is particularly important for vulnerable population 
groups, such as people with diabetes, that their health status is 
altered significantly when they are infected. Here, we high-
lighted the lessons learned in our project, the difficulties of 
this approach as well as our future plans. We hope that this 
work will provoke the thoughts for new directions within the 
disease surveillance field. 
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