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Abstract: The knowledge on the general population health is important for
creating public policies and organization of medical services. However, per-
sonal data are often limited, and mathematical models are employed to achieve
a general overview. Cluster analysis was used in this study to assess general
trends in population health based on laboratory data. Metabolic indicators were
chosen to test the model and define population cohorts. Data on blood analysis
of 33,049 persons, namely the concentrations of glucose, total cholesterol and
triglycerides, were collected in a public health laboratory and used to define
metabolic cohorts employing computational data clustering (CLARA method).
The population was shown to be distributed in 3 clusters: persons with hyper-
cholesterolemia with or without changes in the concentration of triglycerides or
glucose, persons with reference or close to reference concentrations of all three
analytes and persons with predominantly elevated all three parameters. Clus-
tering of biochemical data, thus, is a useful statistical tool in defining popul-
ation groups in respect to certain health aspect.

Keywords: computational model; blood analytes; dependent variables; com-
munity health groups.

INTRODUCTION

The knowledge on the general population health is important for government
bodies responsible for creating public policies, social organizations, and medical
institutions. However, personal data are often limited, and mathematical models
are employed to achieve a general overview. Computational data clustering is a
method for dividing data into sets with similar characteristics,! rooting back to
the mid twentieth century.2 Cluster analysis defines natural groupings of objects
based on certain relationships and may identify specific patterns, suggesting the
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classification of members of the dataset. The clustering large applications
(CLARA) algorithm was developed as an appropriate replacement for memory
demanding and computationally intensive PAM (partitioning around medoids)
algorithm, suitable for the comparison of medians.3 The CLARA method can
deal with data consisting of a large number of objects (thousands) reducing the
computing time and memory storage problem.

The cluster analysis was tested in this study using basic biochemical para-
meters obtained by a routine blood analysis, namely the concentrations of glu-
cose, total cholesterol and triglycerides. These indicators are useful for monitor-
ing metabolic homeostasis or the assessment and following-up of metabolic dis-
orders, such as metabolic syndrome and diabetes mellitus type 2 (DM2).45 Insu-
lin endocrine interplay has wide influence on both catabolic and anabolic pro-
cesses, from the primary role in glucose homeostasis, across regulation of the
levels of fasting free fatty acids in plasma, to the exertion of storage signals for
glycogen and lipids.®8 Moreover, recent studies on the application of statins
have shown backward relationship, from the disruption of cholesterol synthesis
to erroneous glucose metabolism caused by the insulin resistance and the dev-
elopment of DM2.4.9:10 The population studies on high levels of blood glucose
and triglycerides have shown that strong correlation between the two parameters
exists, as expected from the interconnected metabolic pathways.8:11 All these
findings suggest unique patterns formed between levels of glucose, triglyceride
and cholesterol in blood long before the onset of the metabolic disorder.

The aim of this study was to apply data clustering model to define popul-
ation cohorts using laboratory results without detailed personal (demographic
and/or clinical) information. Having in mind the above-mentioned metabolic
relations, it seemed relevant to test the model using these three health indicators
and define the population cohorts that depend on their interrelation. As far as we
are aware, clustering analysis was not applied for such purpose before. The ana-
lytical approach described in this article can contribute to the increase of capacity
for the surveillance of public health and the creation of action plans which can
help to manage health issues in practice.

EXPERIMENTAL
Data collection

Data on blood analysis of 33,049 persons were collected and conceded for this study in a
public health laboratory of the Institute for the Application of Nuclear Energy (INEP) in 2019
(this institution is also an owner of the database). The concentrations of glucose, total choles-
terol and triglycerides from serum were determined applying IFCC approved methods, on the
day of blood collection (after an overnight fasting of the participants). Glucose was measured
by GOD-PAP, cholesterol by CHOD-PAP and triglycerides by GPO-PAP method, using com-
mercial reagents (Human GmbH, Wiesbaden, Germany) and automated analyzer (Konelab 20,
Thermo Fisher, Finland).
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Data analysis

Original data were converted and reorganized from the Microsoft Excel tables to the
PostgreSQL relational database model with three tables: participants, type of the analysis and
reports (results). After gender assignment, the names and other personal data were removed
from data frames, thus protecting participants’ anonymity. For statistical analysis, R statistical
framework was used (R version 3.6.1 for 64-bit gnu/linux). The analysis was performed tak-
ing into consideration the reference ranges of three parameters (3.9—-6.1 mM for glucose, < 6.2
mM for total cholesterol and < 2.3 mM for triglycerides), not clinically recommended values
(which are lower than reference in the case of cholesterol and triglycerides). The overall data
were analyzed both as a single set and divided into subgroups with respect to age, gender, and
season (Spring—Summer from April to September and Autumn—Winter from October to
March). The results were shown as median values and ranges (2.51"-97.5% percentile).

Statistical tests used in this study were y2-test for independence (in testing cluster perfor-
mance), Mann—Whitney U test for the comparison of two groups within clusters, Kruskal—
—Wallis H test for the comparison of three groups between clusters, Spearman's rank correl-
ation coefficient for the determination of the correlation between parameters, principal com-
ponent analysis (PCA) for the reduction of dimensions and variability analysis, and CLARA
clustering for the defining of cluster groups. The CLARA method was applied using the clara
function from the cluster package with 100 runs, Euclidean distance and PAM-like parameter.
The analysis and visualization of the clustered data was performed using the clusplot function
from the cluster package.!2

RESULTS
Data interpretation and formation of clusters

The primary criterion for data collection was the selection of participants
with all three parameters analyzed in the same run. Since large clinical data sets
seldlom follow normal distribution,!3 especially in randomized population
studies, the skewness was observed for all three analytes.

Although the connections between gender, age, season and biochemical
parameters may be expected, there was no practical reason to form clusters
around factor data. However, before clustering biochemical parameters (concen-
trations of glucose, total cholesterol and triglycerides), a convenient way to test
the grouping of variables is to apply the principal component analysis, PCA.!4
The PCA allows data reduction to very few components, if data exhibit accept-
able correlations and shows yields of the variables to variances.!415> When bio-
chemical parameters were extracted for PCA, the yields of glucose and choles-
terol had different directions with triglycerides in-between (Fig. 1). With 80.4 %
of variability explained by the first two principal components, the data set used in
this study made a promising case for the subsequent cluster analysis.

Clustering only laboratory results opened the possibility of exploring the
connections between these three analytes and the formation of clusters. The ana-
lysis of the data has shown interesting distribution across clusters (Fig. 2). The
distribution of persons was as follows: 15214 in cluster 1, 13873 in cluster 2 and
3962 in cluster 3.

Available on line at www.shd.org.rs/JSCS/

(CC) 2022 SCS.



1028 PAVICEVIC, MILJUS and NEDIC

Variables — PCA

1.0 1
'
! Cholegterol
05 '
< 5
a 00
(v}
3]
a
-05
o
-1.0
e -10 -0.5 0.0 05 1.0
§ PC1(48.6%)
F
= O N,
o 0.054
Q |
o
q | 0,588
c )
T T ]
1 2 3

Principal Component (PC)

Fig. 1. The PCA variable yields of the biochemical parameters.
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Fig. 2. Clustering of dataset after PCA dimension reduction to 2D. Graphical presentation of
three clusters was made using the clusplot funtion from the cluster package. Since the
clustering data has three parameters, and function uses PCA for the reduction of
dimensions, the corresponding plot shows that two principal components explain
80.4 % of the point variability.
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Assigning cluster values to the entire data set revealed the connections
between these three blood analytes and health condition, based on the reference
borders between health and a disease. Table S-I of the Supplementary material to
this paper reviews median values, ranges and a number of persons in each cluster
group formed a subgroup taking into consideration gender, season and age.

Without deeper analysis, the results from Table S-1 suggested that the con-
centration of total cholesterol seemed to be independent from the concentrations
of glucose and triglycerides in clusters 1 and 3 (different trend in distribution).
The greatest data dispersion was seen in the third cluster, whereas the most con-
centrated data were in the second cluster (Fig. 3).
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Fig. 3. Boxplots of the original data frame and data sets of the clusters. G, C, T represent
glucose, total cholesterol and triglycerides, respectively.

Examination of the data

Kruskal-Wallis H test for the comparison of the concentrations of glucose, total
cholesterol and triglycerides between clusters gave P < 0.005 in each case,
indicating that each cluster represented its own population. Further analysis, taking
into consideration gender, age and season, was performed within a cluster and
then summed-up for the comparative study.
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Gender difference was explored using Mann—Whitney U test. The significant
difference was found (P < 0.005) for all parameters and in all three clusters. The
gender distribution was similar in clusters 1 and 2 (40-45 % of males), which
implicated that, at this level, genders tend to cluster at the same ratio around
clusters’ medians. The third cluster represented a set of outliers from the refer-
ence ranges for the investigated parameters, thus, defining strictly a disease
group (Table S-I) and within this group gender distribution was slightly changed
(55 % males). Furthermore, the second variable was introduced, the age, and
three groups were formed: 20—40, 41-60 and > 60 years old. The difference
between age groups was analyzed using Kruskal-Wallis H test and the signific-
ance was found for each parameter (P < 0.005). The most discernible result of
this examination was that majority of persons in cluster 3 were more than 60
years old (58 % of males and 75 % of females).

The comparison of the data sorted by the season was made in the same
manner. The seasonal difference was significant only for glucose in clusters 1
and 2 (i.e., those without extremely high concentrations) and triglycerides in
cluster 1.

The correlation between parameters within one cluster was defined using
Spearman’s rank correlation coefficient. A correlation was found between the
concentrations of total cholesterol and triglycerides in cluster 3 (» = 0.38), where
most of the persons with high concentrations of these analytes were grouped. The
concentrations of glucose and triglycerides exhibited moderate correlation in
clusters 1 and 2, but not in cluster 3.

In order to visually overview relations between all the examined character-
istics of the population groups in three clusters (i.e., gender, age and season), the
simultaneous presentation of the data is given in Fig. 4. This type of presentation
can aid in the estimation of general trends in the population health.

DISCUSSION

As already said in Introduction, the aim of this study was to show the
applicability of cluster analysis in the assessment of general trends in population
health having only limited amount of data, namely laboratory results (without
demographic and/or clinical data on persons/patients). We have chosen to dem-
onstrate the usefulness of the model in defining metabolic clusters, thus the
results will be only briefly discussed in the context of metabolic diseases without
deeper implications.

The grouping of the population by clustering concentrations of glucose, total
cholesterol and triglycerides imposed a question whether total cholesterol is a
dependent variable or a satellite element to a general lipid metabolism, regulated
by insulin. Cholesterol clustering can possibly be explained by specific factors,
and in favour of that hypothesis was an unique cholesterol group defined in clus-
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ter analysis, which could not be easily linked with evident DM2 and metabolic
syndrome. Thus, the population in cluster 1 could be seen as a specific “choles-
terol group” independent, or “peculiarly” related to glucose and triglycerides
levels. Cluster 3, on the other hand, contained versatile cases with predominantly
elevated all three parameters, and most likely associated with metabolic synd-
rome and/or diabetes. Finally, cluster 2 consisted mostly of persons with refer-
ence or close to reference concentrations of all three analytes.
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Fig. 4. Comparative graph presenting population in clusters according to the concentration of
glucose, total cholesterol and triglycerides, gender, age and season.

Several studies have shown that the concentrations of glucose and triglyce-
rides can be nominated as prediction factors for the assessment of insulin resis-
tance, which guides into obesity, metabolic syndrome and DM2.8:16,17 Popul-
ation studies confirmed tight connection between elevated levels of fasting glu-
cose and total cholesterol.!8-20 A new mathematical model for insulin resistance
based on those parameters was proposed.20-21 Our study based on the large data
set demonstrated that general population could be divided statistically using
cluster analysis into distinguishable groups according to these three parameters.
Without going into deeper pathophysiological analysis, as that was not the int-
ention of this article, it is evident that the results reported can serve as a screening
method to overview the population health in respect to the basic metabolic
indicators. Periodical investigations can demonstrate changes over time, offering
a tool to create preventive strategies, or adjust medical capacities for the treat-
ment.
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CONCLUSIONS

The proposed model can offer an estimation of the health status of the popu-
lation in respect to specific parameters (i.e., specific health aspect) having only
laboratory results, and can be of a significant assistance in creating public health
policies.

SUPPLEMENTARY MATERIAL

Additional data and information are available electronically at the pages of journal
website: https://www.shd-pub.org.rs/index.php/JSCS/article/view/11549, or from the corres-
ponding author on request.
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U3BOJ
KJIACTEP AHAJIN3A JIABOPATOPUJCKUX ITOJATAKA Y TUJBY JEOUHUCAHA
MMOITYJTAIUOHUX T'PYITA: TECT MOJEJI CA METABOJIMUKUM HHOINKATOPHUMA

WBAH JI. TABUREBUR', TOPAH MUJbYIL® i OJITULIA HEIUR®

1Fpagcxu 3a604 3a jasHo 3gpaswe bBeoipag, beoipag u ZYHusepsuL_uem y Beoipagy, Uncuiuitiywi 3a upumeny
Hyxneapue enepiuje (MHEIT), Beoipag

[To3HaBame onuier 34paBCTBEHOT CTama MONyJIaldje je BaKHO 3a KpeHpame jaBHUX MOJU-
THKa, Kao M 3a OpraHu3alujy MenunuHcke cryxbe. JIMuHM mojauu cy, mMehyTum, yecro
OrpaHUYEHU U Ja OU ce CTeKao OMIUTH YBUJA, IPUMEYjY Ce MaTeMaTHuku Mogjenu. Knacrep
aHa/lM3a je NIpPUMeEmEHa Y OBOj CTy[NUjU 3a yTBphUBame OMILIET 3ApaBCTBEHOI CTama IOIyJa-
IMje Ha OCHOBY 1abopaTopHjckux mopaTtaka. OCHOBHHM METadONMMUKM WHIUKATOPU Cy H3a-
OpaHu 3a Tectupawme mojena. [lojanuu 0 KOHLEHTpaUWjU INIyKO3€, YKYNHOT XOJIeCcTeposa u
TpuruLepuna y kpeu 33,049 ocoda cy cakyIubeHH y 1adOpaTOPHjH jaBHOT 3[PaBCTBEHOT CHC-
TeMa ¥ KopHInheHH Cy 3a JepHHHCambe MeTadoINUKUX Tpyna MPUMEHOM KOMIjyTepcke Kiac-
Tep aHanuse (CLARA meton). CBM HCIIUTaHHUIIM Cy Ce pa3BpCTald y 3 KiacTepa: ocode ca
XHUIIEPXOJIECTEPOJIEMHU)OM, Ca WX O3 ofcTynawa y KOHIEHTpaluju TPUIIMLEPUIA WIH IIIy-
Ko3e, ocobe ca pedepeHTHUM WIH CKOPO pedepeHTHUM KOHILIEHTpallkjama CBa TPH aHa/IuTa ¥
ocobe ca mperexxHO oBehaHMM KOHIIEHTpAlldjaMa CBa TP mapamerpa. [lokasaHo je ma je
¢opmupame wiacrepa, kopucrehu duoxeMujcke mopaTke, KOPUCTaH CTAaTUCTHYKH aiaT 3a
neduHHUCakbe TOMyIallMOHUX IPyTa y Nnoriesfy ofpeheHor 3apaBCTBEHOT aclekTa.

(TTpumiseHo 6. jaHyapa, peBUIMpaHo 6. anpua, npuxsaheno 27. anpuna 2022)
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