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Abstract

upward trend (n=4, 3.57%).

models, Iran

Background Processing and analyzing data related to the causes of mortality can help to clarify and moni-

tor the health status, determine priorities, needs, deficiencies, and developments in the health sector in research
and implementation areas. In some cases, the statistical population consists of invisible sub-communities, each
with a pattern of different trends over time. In such cases, Latent Growth Mixture Models (LGMM) can be used. This
article clusters the causes of individual deaths between 2015 and 2019 in Northeast Iran based on LGMM.

Method This ecological longitudinal study examined all five-year mortality in Northeast Iran from 2015 to 2019.
Causes of mortality were extracted from the national death registration system based on the ICD-10 classification.
Individuals' causes of death were categorized based on LGMM, and similar patterns were placed in one category.

Results Out of the total 146,100 deaths, ischemic heart disease (21,328), malignant neoplasms (17,613), cerebrovas-
cular diseases (11,924), and hypertension (10,671) were the four leading causes of death. According to statistical indi-
cators, the model with three classes was the best-fit model, which also had an appropriate interpretation. In the first
class, which was also the largest class, the pattern of changes in mortality due to diseases was constant (n=98,
87.50%). Second-class diseases had a slightly upward trend (n=10, 8.92%), and third-class diseases had a completely

Conclusions Identifying the rising trends of diseases leading to death using LGMM can be a suitable tool for the pre-
vention and management of diseases by managers and health policy. Some chronic diseases are increasing
up to 2019, which can serve as a warning for health policymakers in society.

Keywords Cause of death, Mortality, Cluster analysis, International classification of diseases, Latent growth mixture

Introduction

Death is an inevitable and natural occurrence that can
be attributed to a multitude of factors, including but not
limited to cancers, chronic diseases, HIV, communicable
and non-communicable diseases, accidents, drug abuse,
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suicide, traumatic injuries, complications during child-
birth, stroke, Alzheimer’s disease, and unhealthy lifestyle
choices. The identification of commonalities among dis-
eases has facilitated their classification [1]. The World
Health Organization (WHO) has established the Inter-
national Classification of Diseases (ICD) as a compre-
hensive medical classification system that encompasses
codes for diseases, signs and symptoms, abnormal find-
ings, complaints, social circumstances, and external
causes of injury or diseases [1, 2]. Due to the high preva-
lence and significant variability of mortality rates across
different geographical regions, identifying the precise
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causes of death can be challenging and, in some cases,
impossible [3].

A published study on the Iranian population aimed
at identifying the most prevalent causes of death. The
results revealed that Cardiovascular Disease (CVD)
was the leading cause of death, followed by motor vehi-
cle accidents. Additionally, cancers and intentional and
unintentional injuries were also identified as common
causes of death [4]. Overall, there has been a significant
increase in mortality rates in Iran [5]. The various prov-
inces of Iran, such as Razavi-Khorasan, exhibit different
financial, geographical, cultural, and social conditions,
as well as lifestyles. These factors have been identified
as significant determinants in the incidence of diseases
and, in turn, mortality rates [6]. It is important to note
that the causes of death can be influenced by genetic
characteristics, lifestyle choices, living environment, and
demographic factors. Furthermore, these causes can vary
significantly across cities and countries [7].

The health department of the Ministry of Health in Iran
maintains the most comprehensive system for registering
causes of death. This system draws information from var-
ious sources, such as mortuaries, forensic medicine, aca-
demic, and non-academic hospitals. The data used in this
study were extracted from this system.

Analyzing data and exploring important patterns
or trajectories in various causes of death can help to
decrease the mortality rate and increase the life expec-
tancy in a society [8].

Prevalence or descriptive studies are considered
less valuable compared to analytical-descriptive stud-
ies as they solely offer a description of the current state
of affairs [9]. Traditional approaches, such as repeated
measures analysis of variance and multivariate analysis
of variance, possess limitations when it comes to analyz-
ing longitudinal data [10—12]. The latent growth model is
one of the methods developed for analyzing longitudinal
data, aiming to overcome the limitations of traditional
approaches. By employing latent factors, this model can
effectively determine the pattern of the response vari-
able [13]. The significance of the present study lies in the
utilization of an advanced analytical-descriptive method,
specifically the linear/non-linear growth mixture model
(GMM) technique. This approach allows for the investi-
gation of disease trends within various subgroups, while
simultaneously evaluating the overall disease trend.
GMM serves as a latent categorical variable model that
identifies unobserved heterogeneity within a popula-
tion, enabling the identification of groups of individuals
who share similar growth trajectories [14]. Therefore,
the objective of this study was to employ linear GMM
(LGMM) to cluster the causes of death among individu-
als in Northeast Iran between 2015 and 2019, based on
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the 10th Revision of ICD (ICD-10). Additionally, supple-
mentary analyses were conducted to examine the data
within gender and age groups.

Material and methods

Data description

The data utilized in this ecological longitudinal study
were collected between 2015 and 2018. Mortality was
measured using death certificates, which serve as medi-
cal certificates detailing the causes of death [9, 15]. In this
study, the causes of death, including underlying diseases,
were extracted from death certificates registered in the
electronic death registration system of Razavi-Khorasan
province in Iran. The study population consisted of all
individuals living in Razavi Khorasan whose cause of
death was recorded in the system of the Vice-Chancellor
of Health at Mashhad University of Medical Sciences.
Additionally, the population of Razavi Khorasan was
approximately 7,400,000 individuals [16]. It is the most
comprehensive system in Iran for registering the causes
of death. This system operates under the health depart-
ment of the Ministry of Health and receives informa-
tion from various sources, including mortuaries, forensic
medicine, academic, and non-academic hospitals. The
data from various sources, including mortuaries, foren-
sic medicine, academic, and non-academic hospitals,
were merged. During the data cleaning and preprocess-
ing phase, records without recorded or missing cause of
death/ICD-10 codes, as well as illegible, irrelevant, and
duplicated data, were excluded. The process of editing,
correcting, coding, label encoding, and structuring the
data within the dataset was carefully reviewed and per-
formed. Following these actions, the data with acceptable
values were prepared for the data analysis phase. Follow-
ing the completion of the data cleaning phase, the cause
of death data for a total of 142,896 individuals was avail-
able. As our objective was to classify the causes of death,
we utilized the frequencies of each cause observed over
a span of five years. Causes of death with a frequency
below 30 were disregarded in the analysis. Consequently,
our investigation encompassed the analysis of 112 dis-
tinct categories of causes of death during this five-year
period.

Data analysis

Understanding patterns, growth, ascents, or declines in
behavior or specific processes is frequently a subject of
interest for psychologists and social scientists. Among
the analytical tools available, growth curve models prove
to be valuable and practical for capturing systematic
changes over time. This model enables the study of both
intra and inter-individual changes in longitudinal data
spanning several years [17].
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In real-time and applied research aimed at exploring
intra and inter-individual change, growth mixture mod-
els are commonly employed [18, 19]. The LGMM model
takes into account the variability of patterns of change
over time both between subjects and within subjects [19].
Linear and non-linear trajectories can be identified using
growth curve models as well as LGMM. In other words,
the LGMM model probabilistically assigns subjects or
patients into latent classes over time or using longitudi-
nal data, with the aim being to achieve this classification
[20]. In the presence of unobserved heterogeneity in pop-
ulations, the use of Growth Mixture Modeling (GMM) is
a practical approach for identifying such heterogeneity
[18].

The objective of the Latent Growth Model (LGM) is to
investigate longitudinal changes in a sample of data. The
GMM is an extension of the LGM that describes longitu-
dinal changes in heterogeneous subgroups or subsamples
within a dataset [21]. In the LGMM theory, one intercept
and slope (considered as a latent variable) is estimated
for each subject, which is allowed to vary across subjects.
The estimated variance of the intercept and slope vari-
ables indicates variability across subjects [22]. Addition-
ally, the modeled intercept and slope in the GMM model
are represented as baseline values and rates of change.
In other words, it shows how the subject’s baseline val-
ues relate to their rate of change [22]. The intercept and
slope of all subjects can be summarized as an average
with means of latent variables. In other words, the means
of latent variables reflect the average of all subject’s
intercepts and slopes. As mentioned above, the LGMM
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model considers the desired number of time points. At
each time point, it is possible that subjects deviate from
their mean, which is referred to as error or residual vari-
ances [22]. The LGMM is graphically depicted in Fig. 1.
To specify the optimal latent classes, various indices such
as relative fit information criteria, including the Akaike
Information Criterion (AIC), Bayesian Information Cri-
terion (BIC), Entropy (a statistic that ranges from zero to
one), and Likelihood Ratio Test (LRT) were used. Lower
values of AIC and BIC suggest a better model fit. A high
value of entropy indicates that subjects are adequately
separated with confidence, and a significant P-value in
the LRT test indicates a model with k classes fits the data
better.

Results

Statistical analysis

Statistical analyses were conducted using R statistical
software version 4.1.1. Figures 2 and 3 display the fre-
quencies of deaths that occurred between 2015 and 2019.
Additional descriptions of the data can be found at the
https://nasrintalkhi.shinyapps.io/project/ URL link, and
Fig. 4 illustrates a view of this web application.

In 2019, the four leading causes of mortality in the
northeast of Iran were ischemic heart diseases (120-125)
with 21,328 cases, determined and presumed primary
malignant neoplasms in special locations except for
lymph, hematopoietic system, and related tissue (C00-
C75) with 17,613 cases, vascular diseases of the brain
(I60-169) with 11,924 cases, and high blood pressure
disease (I10-115) with 10,671 cases. These causes had a
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Fig. 1 General diagram of the growth mixture model used in the study
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Fig. 2 The frequencies of death cause in the northeast of Iran in 2019

significantly higher frequency compared to other causes
of death. Forms of heart diseases (I30-152), traffic acci-
dents and transportation (V00), diabetes mellitus (E10-
E14), and influenza and pneumonia (J09-J18) were the
next four important causes of death in 2019, with 7,441,
6,631, 5,888, and 5,495 cases, respectively. Other causes
of death were less frequent.

Forms of heart diseases (I30-152), traffic accidents and
transportation (V00), diabetes mellitus (E10-E14), and
influenza and pneumonia (J09-J18) with 7,441, 6,631,
5,888, and 5,495 cases were the next four important
death causes in 2019, respectively. Other causes are in
the next levels. Special cases (U00) had a considerable
frequency (293 cases) compared to four years ago (2015—
2018). Other diseases of the upper respiratory tract (J30-
J39) had a significant frequency (230 cases) in 2017 so
before and after 2017 experienced a sharp increasing
and decreasing pattern, respectively. Diseases of arteries,
arterioles, and capillaries (I70-179) had a constant trend
from 2015 to 2018, while they had a sharp increasing
trend in 2019. Diseases caused by intestinal worm para-
sites (B65-B84) with 23 cases experienced most its value

in 2015 and then it had an almost decreasing pattern.
Frequencies of other causes were reported in more detail
in Table Al.

Linear growth mixture model

In this study, existing trajectories were identified using
Latent Growth Mixture Modeling (LGMM) from 2015
to 2019. To establish a linear growth model, equidistant
time scores were set as 0, 1, 2, 3, and 4. The non-linear
LGMM was examined, but the quadratic term did not
yield the best fit. Consequently, the linear LGMM was
employed and extended to include models with 1 to 3
classes. Model comparison indices, including AIC, BIC,
entropy, and p-values from the likelihood ratio test, were
reported in Table 1 to determine the model that best fit
the data.

As observed, the AIC, BIC, and entropy values decrease
as the number of classes increases. For clustering with 1
linear class, the AIC was 8821.01, BIC was 8833.88, and
entropy was 1. Clustering with 2 linear classes resulted
in an AIC of 8115.38, BIC of 8136.41, and entropy of 1.
Finally, for clustering with 3 linear classes, the AIC was
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Donut Chart For Selected Cause of Death: A00-A09

Note!
In this tab, You can see:

First Plot:

A Donut chart to display the frequencies of the selected causes of
death by years 2015 to 2019 in Iran

Second Plot:

ALine chart to display the trend of mortality due to the selected
causes of death during years 2015 to 2019 in Iran
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Fig.4 A view of the interactive web application with shiny to visualize and describe data
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Table 1 Fitted indices for unconditional LGMMs with 1 to 3 classes
Class AIC BIC Entropy P-value (LRT test) Percent in class

Class1 Class2 Class3
1 8821.01 8833.88 1.00 - 100%
2 811538 813641 1.00 <0.001* 3.57% 96.42%
3 774767 7709.29 0.996 <0.001* 87.50% 8.92% 3.57%

* significant in 0.05 error level

7747.67, BIC was 7709.29, and entropy was 0.996. The
likelihood ratio test (LRT), with the null hypothesis (HO)
of k classes and the alternative hypothesis (H1) of k+1
classes, was significant in all cases. Previous studies have
indicated that when there is a discrepancy between the
LRT test and relative fit information criteria, the BIC cri-
terion should be given greater consideration. Addition-
ally, interpretability is an important factor in selecting the
optimal number of classes. Considering the goodness of
fit indices for models with 1-3 classes, the percentage of
membership to each class, and interpretability, the model
with 3 classes was chosen as the optimal choice. The
majority of death causes were allocated to the 1st class
(Table 2).

In addition, a word cloud plot (Fig. 5) was used to visu-
ally represent the members of each class. The parameters
of the three-class linear LGMM were estimated and are
presented in Table 3. The estimated mean intercept was
found to be significant in all three classes, indicating a
significant difference in the initial frequencies of causes
of death among the classes. The estimated mean slope
(108.07) was only significant in class 3, suggesting a sub-
stantial increase in the frequency of death caused within
this class. Conversely, the variation in the frequency of
death causes remained constant in the other two classes.
These findings indicate a rising trend in these causes
from 2015 to 2019, with potential implications for the
future. Consequently, further research is warranted to
explore these causes, associated factors, and implement
more precise measures for control. Supplementary analy-
ses were conducted for different sex and age groups, and
the results are presented in Tables A2, A3, A4 and A5 and
Figures Al and A2 in the supplementary material section.
Table A2 reveals that the optimal number of classes was
determined to be two.

According to Table A3, the significant estimated mean
intercept in two classes for both female and male groups
indicates differences in the initial frequencies of causes
of death among the classes. Additionally, the estimated
mean slope (55.92) was found to be significant only in
class two for the male group, suggesting a substantial
increase in the frequency of death caused within this

class. These findings suggest that mortality rates are
higher in males compared to females. The analysis of age
groups revealed that causes of death could be catego-
rized into three classes across all age groups (Table A4).
Table A5 further demonstrated significant differences in
the initial frequencies of causes of death among the three
classes for all age groups, starting from 2015. In the age
group of less than one year, both classes 1 and 3 exhibited
significant mean slope estimates, indicating a decreas-
ing trend in the frequencies of causes of death from 2014
to 2018. In contrast, class 2 showed constant changes in
frequencies. For the age groups of 2 to 14 and more than
65 years, the mean slope estimates were non-significant,
indicating constant changes in these age groups. In the
age groups of 15 to 24 and 25 to 44 years, class 1 showed
a decreasing pattern in changes in frequencies of causes
of death, while the other two classes exhibited constant
changes.

Discussion

One of the sustainable development goals is good health
and well-being [23]. A decrease in mortality is consid-
ered a sign of a healthy community. The study of death
and its causes is an essential topic worldwide, and this
research can help in seeking a more sustainable future for
the population’s health. As a consequence, it can improve
social welfare, life satisfaction, and quality of life [23].
Health promotion includes health education, health pro-
tection, and disease prevention. Achieving health promo-
tion requires planning, increasing people’s knowledge
and skills, creating policies that support health, and more
education by government and non-governmental institu-
tions to improve people’s lives by 2030 [23, 24]. There-
fore, without the implementation of these policies and
more research, there is no hope of improving people’s
health. High-quality research and precise results require
collecting high-quality data in a timely manner.

To distinguish the underlying trends of the causes
of individuals’ death and longitudinal changes in het-
erogeneous subgroups, we analyzed data from 2015 to
2019 extracted from Iran’s most comprehensive system
for registering causes of death, which is a strength of



Page 7 of 12

(2023) 23:1384

Talkhi et al. BMC Public Health

suebio
w1sASs A1038[NDJID DY3 JO S103Jap [PHUSBUOD) 870-020 S95BISIP SurIqUIBW [ein3d|d JaY10 ¥6-06(  dhdlodoleway pue poojq JO saseasip JaYi0 //0-0/Q
WR1SAs A101ea1dsal Jomo| ayy Jo SuoIpUOd bulpas|q
WI1SAS SNOAISU U3 JO $19349p [eruabuod) /00-000 SUO[IPUOD D130I23U PUB SNOIDAJU| 981-58r Jay1o pue eindind ‘s1oajep uonenbeod 690-590
anssi [en
Yig punoJe yieap Jo sasned JayiQ 06d-06d  -NsIa1ul Bundaye saseas|p Alorendsal J2Yi0 $81-08f Sejusue J9Ylo pue ejusue djise|dy £90-09Q
yuiq punose pouad ayi 03
pa1e|al S| 1Y} UIOGMIU JO SN13j a3 JO uon 10108}
-e|nbHaJ aInjesadwal pue SUoIPUOD UlS £84-084 [eUIRIXd AQ pasned saseasip Aleuow|ng 0/1-091 Seluaue DIIAOWaH 650-550
yuiq punose
pouad ay1 01 paie|al aJe 1eyl UIOGMaU IO
SN19J 3Y1 JO SISPIOSIP [PUIISSIUI0IISED) 8/d-5/d 1oen Aioresdsalsaddn ayy Jo sasessip Y10 6EM-05r Seluaue [eUORLINN £50-050
yuig punose pouad ayi 0y
pa1e|al aJe 1ey1 LIOGMBaU IO SN1d) 943 JO
SI9PJOSIP DI|OgRIDW PUB SULIDOPUS JUSISUel| ¥/d-0/d SUON23Ul A10Yelidsal JIoMO| 31Nde JaYI0 er-oer wisejdoau ubjuag 9€0-01Q
yuiq punoie
pouad ay1 01 paie|al /e 1eyl SN1dy Jo uiog
-M3U 34} JO SISPIOSIp Uole|nbeod pue poojg 194-05d suondayul Alojesidsas saddn 1oy 901-00r nys ul wisejdosN 600-000
Yuig punose poad ayi 01 paiejal ale 1eyy w3sAs A101eNd1Id JO suonedo| a|dnnw jo (Alew
SN} JO LIOGMAU 34} JO SISPIOSIP SNOI3U| 6£4-G6d  Siapiosip paypadsun pue sispiosip Y10 661-56l -11d) swsejdoau yueubijew uspuadapuy /6D
yulig punose polad ayi 0y
pa1e[a4 21 1By} UIOGMSU 10 SN1dj 3yl JO 2I9YMBS|S PaYIsse|d 10U sapou ydwiA| pue suoledo| paypadsun pue
SI19pJosip A101eidsal pue JejndseAoIpIeD) 624d-02d S|95S9A Dl1eydWA| ‘SUIDA JO Saseasig 6381-08| A1BPU03S 1aY10 Jo swiseidoau ueubijepy 082-9/D
quiom
S, JaUI0W Y1 Ul SN13) Y1 JO Yimoub ayi Jo
pouad Adueubaid sy o yibus| ay1 Ag
pasned sw|qold uIogmau pue sn1a4 80d-50d  Soue||ided pue s3|01Ia1Ie ‘SalI9LIe JO Saseasig 6/1-0/1 S9SRISIP SNOMRIAUI JIBYI0 669
yuigpliys pue
A>ueubaid Jo suonedljduwod Ag pasned uiog SaUS
-M3U pue sn33j a1 bupidaye sioioey [eulalely 0d-00d 9583S|p 1By DIIeWNAYJ DJUOIYD 601-50! -eled WIoOM |eusIUl AQ pasned saseasiq $88-509
2UDYM3S|D
payisse|d 10U suonipuod Adueubaid Jay1Q 660-760 19A3) dlIPWIN3YJ 9INDY 201-00! S95B3SIP [RJIA JIBYI0 £8-579
sueblIo [enxas 3jewl JO $I9pIosig LSN-O¥N SI9PIOSIP WIBISAS SNOAIRU IBYI0 669-069 syuaned Adusipyapounuiwl palinboe AlH 29-079
sawoip
SIPIOSIP WAISAS Aleunn J1ayiQ 6EN-0EN -UAs d1nAjesed Jayio pue Asjed [eigalad) £89-089 sijeday [elip 619-519
SI9PIOSIP 19121N pue ASUpPy 12Y10 6¢N-SZN uoNDUN( 1BIN2SNWOINAU JO 5358351 €/9-0/9 S95BISIP [el210e] Y10 67V-0EY
abewep
S9SRISIP [elilsIauIoINgN ] 9IN-OLN anJaU [esayduad pue sajyiedoinauk|od $£99-099 sisojndJagn | 61V-SLY
S9SEIS|P Je|NIAWOD SON-00N $35BIS|P D1300ZIdD PUE [BUOISEDID0) /¥D-0vO S9SEASIP SNOMD3Ul [RUNSIIY| 60Y-00Y L ssep
sweu ||ny aseasiq 9p0d 0 L-adI |wieu ||nyaseasiq dapod OL-AdI aweu ||nyaseasiq dapod0L-ADl  Sse|D

WO Buisn € 03 | S3sse|> 03Ul Sasned yiesp paiedo|ly T aqel



Page 8 of 12

(2023) 23:1384

Talkhi et al. BMC Public Health

uleiq a3 JO SISeIS|P Jejndsep 691-09]
SNSSI1 PI1R|2) pUR WISAS
FEN-EN[oRIENLIETRN S71-02 aseasip ainssaid poojq ybiH S11-01] onaiodolewsay ‘YdwiA| 1dadxs uonedo] G/D-00D €ssep
suoseal
UMOUNUN pUB UMOoUun 01 anp yiead 664-564 eluownaud pue ezuanyu| 311-60r
ain|iey Aupry) 6LN-ZIN SOSESIP ey JO SWIoS ZSI-0€l
(leuon S9SBISIP UOIRINDIID
-U3UIUN) SJUSPIDIE JO SSNED [BUIRIXD YLD  65X-00X ‘66M-00M S9SPISIP WR1SAS A101edidsal 1aYi0 66(-G6f  Aleuoul|nd pue saseasip Aleuowindolpied) 371-97|
1Den
uoneyodsuell pue syuspidde dyjel| 00A A101e11dS3I J9MO| B3 JO S3SBISIP DIUOIYD 900 HENVESIETe]=lTg] ¥13-013 T ssep
Alje1iow pue A)|Igesip Jo sasned aled
[eUISIX3 ‘suoiedldwod ‘sadusnbasuod) 68A-G8A [e216INS pUE [BDIPSW WOJ4 SUoIedl|duo)) P8A-OVA
WIa1SAs sno
suonelado Jem pue uonuanlaiul [eba] OEA-GEA SI9PIOSIP SUOQ pue JUIOf PEIN-08IN -AJSU [RIIUSD BY} JO $35BISIP UOoNeZIeL|IWS] /€9-G€D
w2154
asnge syl YEA-OLA SIDPIOSIP ANSSI YOS 6/W-09W SNOAISU JO $353SIP DAIIRIDUSDIP Y10 7€9-0€9
9PN 60A-00A '66X-G8X SI9PIOSIP ANSS[} DAIIDIUUOD JJUISISAS 9EW-0EW SI9PIOSIP JUSWAAOW [eplwielAdelix] 979-079
WID3ISAS SNOAISU [BIIUSD DY}
(Wley-4ss) spiding 78X-09X salyredoiyuy SCN-00W sanjoAul Ajewnd jeyy Aydodie djwaisAs €19-01D
SI9PIOSIP W315As sno
sased |eidads o0on 9NSSI} SNOAURINOGNS PUB UPS JBY10 667-087  -AJSU [BIIUD Y1 JO $95BISIP Alo1euUlwelu| 609-009
swoydwAs pue subis [elausn 694-05Y UOI1D3jUl 3NSSI} SNOSUPINDGNS PUP UDS 807-001 1aplIosip |exusw paypadsun 664
S91E1S |RIOIABYSQ PUE [BUOIIOWS ‘Bulpuels SI9pJos|p
-13pun ‘aAINubod Jo swoydwAs pue subis 9pY-07Y S9SBISIP [eunsaIUIoASeD JaYI0 £6M-06) WLIOJIIBWIOS PUPB Pa1R21-55313S ‘D110INaN 3v4-0t4
WID1SAS seanued pue sbnup s1donoydAsd jo uonduinsuod syl Aq
dAISIDIP 01 parejal swordwAs pue subig 614-01Y S19NP 3|iq 1Isppe|q|eb ayi Jo siaplosig /-08Y pasNed SISPJOSIP [BIOIARYS] [BIUSIA 614-014
wisAs Aioyend Swoy
-s2101pJed ay) 01 paiejas swoidwiAs pue subig 604-004 S9583SIP 1Al L/-0 -dwiAs |eruaw buipnpul siaplosip duebiQ 604-004
EJEW
-35|2 PaYISSe|d 10U SISPIOSIP [BLOSOUWOIYD 660-060 SISRISIP [eaUO1LISd /95O SI9PIOSIP DI|OgRIDN 063-0/3
Bupesiano 1ayio pue
$19949p [eNuabu0d J2YIO 630-080 S9SBISIP [eunsalul Jay10 COM-GSY A115940 JO S312UBIDYIP [BUONLANU JBYIO 893-053
WI1SAS [B19]23S0|NdSNW Y3 JO
SONIWIOJP pue $15949p [eluabuo) 6.0-590 $11102 SNONJBJUI-UOU PUE SPIIBIUT 7SH-05M uoniNUje 9303
W3SAS A1eulIn Y3 JO $10949p [eNUbUO0D $£90-090 1uIaH OPN-0PM spue|b 2ULDOPUS JISYIO JO SISPIOSI] 5£3-073
WI1SAS 9AINSIDIP JO S19349p [eHuabuU0d J2Y1O SPO-8€D xipuadde ayy jJo saseasiq 8EY-GEY  UONRID3S [eusaiu] dlreasdued pue uoenbay 913-613
wnuap
W215As A1o1euidsal ay3 JO $310949p |eruabuod) $ED-0€D  -ONp pue yoewois ‘snbeydoss Jo saseasiq LEN-0 SI9pIosip puelb ploIAyY L /03-003
awieu [|ny aseasiq 9p0d 0 L-AdI dweu ||nyaseasiq 3dpod 0L-adl dweu [|nyaseasiq dpodQL-adl  Ssep

(panunuod) g ajqey



Talkhi et al. BMC Public Health ~ (2023) 23:1384

W00-W99 , X00X52

126-128
J09-J18

Class 3 Class 2

Fig. 5 Representation of membership to classes 1 to 3 using LGMM

this study. We clustered 112 causes of death into three
classes. The pattern of changes in mortality due to dis-
eases was constant (87.50%). Second-class diseases had
a slightly upward trend (8.92%), and third-class diseases
had a completely upward trend (3.57%).

Borumandnia et al. clustered 63 death causes among
Iranian men from 1990 to 2016 into four classes. They
found that the defined trend in mortality rates over time
was increasing, slowly decreasing, stable slowly increas-
ing, and almost sharp trend in classes 1 to 4, respectively.
They also found that the non-linear growth mixture
model was not significant [25].

According to the current study’s findings, except for
lymph, hematopoietic system and related tissue, vas-
cular diseases of the brain, high blood pressure dis-
ease, and ischemic heart diseases, all other locations
showed a completely upward trend (slop=108.07 and
P-value <0.001) over time.

Ischemic heart disease had a slowly decreasing trend
from 1990 to 2016 in Borumandnia et al. study, while
after that (from 2015 to 2019), it showed a completely
upward trend. High blood pressure is a risk factor and a
major cause of CVD and mortality [26].

In 2019, high systolic blood pressure was reported as
a leading cause of death, accounting for nearly 10.8 mil-
lion deaths worldwide [27]. Additionally, hypertension
affected 1.28 billion individuals in 2019 [28].

Lifestyle modifications have been shown to effectively
improve cardiovascular disease risk factors, as demon-
strated in numerous studies and reviews. However, it is
important to note that advanced age and higher body
mass index are associated with an increased risk of
hypertension [29].

Our study revealed that several factors, including dia-
betes mellitus, cardiopulmonary diseases, pulmonary
circulation diseases, various forms of heart disease, influ-
enza and pneumonia, chronic lower respiratory tract
diseases, other respiratory system diseases, kidney fail-
ure, death due to unknown causes, traffic accidents and
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transportation-related incidents, and other unintentional
external causes of accidents, were classified as second-
class factors. These factors exhibited a slight upward
trend with a slope of 14.18, but the P-value was not sig-
nificant (P=0.520).

Patients with type II diabetes and metabolic syndrome
are at an increased risk of developing cardiovascular dis-
ease and related events, thereby reducing life expectancy.
Consumption of a high-salt, hypercaloric-high-carbohy-
drate diet leads to hypertension and hyperinsulinemia,
resulting in obesity that further aggravates cardiovascular
disease. Therefore, dietary interventions are essential to
prevent these outcomes and should not be ignored [29].
Studies have shown that long-term weight loss, adoption
of a low-calorie dietary pattern, reduction in blood pres-
sure, and use of anti-hypertensive drugs can be beneficial
for patients with type 2 diabetes [29].

Boroujeni et al. utilized latent growth mixture mod-
eling (LGMM) to identify different longitudinal trends
in lung cancer incidence in Europe from 1990 to 2016.
They performed LGMM on male and female sub-groups
separately and found that the overall pattern of incidence
related to female and male lung cancer was rising and
falling, respectively [30].

A systematic analysis of the Global Burden of Disease
(GBD) from 1990 to 2015 highlighted the importance
of neurological disorders, which accounted for 6.3% of
global Disability-Adjusted Life-Years (DALYs). Neuro-
logical disorders caused 9.399 million deaths in 2015,
accounting for 16.8% of global deaths [31].

Ghadirzadeh et al. showed that between 2001 and 2010,
an annual average of 34.6 per hundred thousand people
were killed in traffic accidents, with more than 80% of the
casualties being men, and a descending trend over time
[32]. However, recent data suggest that traffic accidents
have experienced a slightly upward trend, indicating the
need for increased attention.

Kidney disease is one of the most common chronic
diseases with a global prevalence above 10% and a slight
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Table 3 Estimation of LGMM's parameters

Model Class Parameters Estimate (S.E) P-value
Unconditional 1 Intercept 68.79 (23.40) 0.003*
Slope 1.30 (7.04) 0.853
2 Intercept 874.18 (74.28) <0.001**
Slope 14.18 (22.06) 0.520
3 Intercept 275257 (115300  <0.001**
Slope 108.07 (34.76) 0.001

™ Significant in 0.001 error level; * significant in 0.05 error level

upward trend in the second class. It is associated with
other chronic diseases, such as obesity, diabetes, and
hypertension. Modifying lifestyle, controlling blood pres-
sure, and using anti-hypertensive medication is recom-
mended to reduce the risk of renal failure [33].

According to WHO’s reports, Air pollutants are
responsible for 4.2 million premature deaths and various
diseases, including 29% of lung cancer, 25% of ischemic
heart disease, 17% of acute lower respiratory infections,
24% of stroke, and 43% of chronic obstructive pulmonary
disease [34]. The recent outbreak of COVID-19, a respir-
atory infection disease, significantly increased the num-
ber of deaths [8].

With regards to the discussions surrounding the sig-
nificance of serious and chronic diseases that result in
mortality, as well as the identified increasing trend, there
is a pressing need for more rigorous measures to be
taken. The primary recommendation is the modification
of lifestyle, which plays a prominent role in preventing
and controlling diseases. The World Health Organization
(WHO) has projected that lifestyle-related diseases are
the cause of 70% to 80% of mortalities in developed coun-
tries and 40% to 50% in developing countries [35].

In their systematic review study conducted in Iran,
Ghanaei et al. found that a poor lifestyle is a significant
factor, accounting for 53% of deaths, in the incidence
of chronic diseases such as colon cancer, hypertension,
chronic obstructive pulmonary diseases, hepatic cir-
rhosis, HIV, and CVD. Adopting a healthier lifestyle can
overcome many major risk factors, promote health, and
reduce mortality [35]. In addition to a poor lifestyle, the
structural weaknesses of health policy-makers, inad-
equate attention to general health education, and insuf-
ficient educational content on health promotion are
important and critical issues that require basic planning
to be implemented.

Gender and age are significant factors that impact the
prevalence, burden of disease, and mortality rates glob-
ally. Neurological disorders exhibit a 10% difference
in death and DALY rates between males and females,
with higher rates observed in males. The majority of the
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burden due to neurological disorders is borne by indi-
viduals in the age group of 0-5 years. Epilepsy is a dis-
ease that affects children and young adults and causes the
most burden. Headaches peak between the ages of 25 to
49 years, while the burden of other neurological disor-
ders increases with age. Stroke is the primary contribu-
tor to DALY. Geographical regions and their variations
are also crucial as communicable neurological disorders
are more prevalent in high-income regions and central
Europe [31].

Other factors such as seasons and residential areas can
also affect disease prevalence and mortality rates. Conse-
quently, these factors may impact the clustering of death
causes and their longitudinal trends over time. To obtain
more accurate results and implement necessary policies
in the field of public health to reduce mortality, larger
scale studies are recommended, considering a larger sam-
ple size, other medical centers, regions, and provinces.
Additionally, data analysis with bivariate or multivariate
growth mixture models is recommended.

Limitations

Several limitations must be considered in this study.
Firstly, the small number of disease causes limited the use
of mixed growth models. Secondly, the heterogeneity of
diseases resulted in some classes having a small volume.
Accurate and high-quality mortality data are crucial for
informing public health policy. In some cases, the cause
of death may remain unspecified or the cause of death
may be recorded for another reason, limiting the discus-
sion about the cause of death.

Conclusion

Based on the current findings, identifying the rising
trends of diseases leading to death using LGMM can be
a suitable tool for the prevention and management of dis-
eases. Chronic diseases such as high blood pressure, dia-
betes mellitus, chronic diseases of the lower respiratory
tract, kidney failure, cardiopulmonary diseases, pulmo-
nary circulation diseases, ischemic heart diseases, traffic
accidents, and transportation have been increasing up to
2019, which can serve as a warning for health policymak-
ers in society.

Abbreviations
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WHO World Health Organization
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DALY Disability-Adjusted Life-Years
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