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INTRODUCTION 

The concept of latent variable has emerged as an 

important tool for statisticians as well as social scientists. 

A latent variable may be defined as a random variable 

whose realizations are unseen or hidden from us.
1
 

Whereas the realizations of observed or manifest 

variables are observable in the study. A broad 

categorization of latent variable modelling is given by 

Biemer.
2
 Latent class analysis(LCA) is considered to be 

an equivalent methodology for Factor Analysis, typically 

used for dichotomous or polytomous variables.
3-5

 The 

parameters of interest in a typical problem of latent class 

analysis are the unobserved proportion or size of the 

latent classes and the conditional item-response 

probabilities given the membership in a latent class. 

Based on the observed data on manifest variables LCA 

provides a classification among the population. Manifest 
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variables are called the 'indicators' of a particular latent 

class. 

The type of latent variable modelling in which both the 

latent and observed variables are categorical in nature is 

called LCA. The basis of the analysis lies in modelling 

the relationship between the latent variable and its 

indicators. LCA identifies unobservable (latent) 

subgroups within a population based on individuals’ 

responses to different categorical observed variables. It is 

a technique which explains the relationships between 

manifest or observed variables (may be dichotomous or 

polytomous) with respect to some unobserved or latent 

variables (may be dichotomous or polytomous) on the 

basis of data obtained in various kinds of complex 

surveys. Given the response pattern of a respondent to 

various questions or items of a questionnaire, LCA 

performs grouping of individuals in two or more latent 

sub-populations. Latent class analysis was introduced in 

1950 by Lazarsfeld
 
PF, who performed LCA for building 

typologies (or clustering) based on dichotomous observed 

variables.
6 

The estimation of model parameters using maximum 

likelihood approach was proposed by Goodman.
7
 

Haberman obtained the relation between latent class 

models and log-linear models for frequency tables with 

missing (unknown) cell counts.
8 

Contributions of Vermunt, Hagenaars in formulating a 

general framework for the analysis encouraged further 

research in the area.
9,10

 Many applications of LCA and 

theoretical developments have been proposed in the last 

two decades. 

Latent class analysis encompasses a wide area of 

application in many disciplines such as survey research, 

health sciences, psychology, sociology, education, social 

sciences
 
etc.

11-15
 It provides a tool for clustering and 

classification of individuals in qualitative research. The 

identification of latent groups into which the respondents 

fall on the basis of their response pattern and estimating 

the class membership for each individual are the 

underlying objective of latent class analysis. LCA can be 

used in health research for identifying disease subtypes or 

diagnostic categories. LCA has been used for building 

typologies in medical conditions. Dunn et al.
16 

categorized the low back pain through LCA and obtained 

four clusters viz. "persistent mild", "recovering", "severe 

chronic" and "fluctuating" representing different 

situations of back pain. Diagnosis of disease is based on 

the traditional method of assessment of the value of 

diagnostic indicators such as medical signs, symptoms 

and medical tests. To achieve this objective, the 

evaluation of sensitivity and specificity i.e. the 

probability that a person is positive on the indicator when 

the disease is present  and the probability that a person is 

negative on the indicator when the disease is absent 

respectively is the common practice. But it requires the 

knowledge of the presence or absence of the disease. 

Latent class analysis provides a tool for correct diagnosis 

without the prior knowledge of whether the patient is 

suffering from the disease or not. The present work uses 

data on several risk factors of adverse health effects 

related to cardiac events to demonstrate the applicability 

of latent class analysis in establishing two unobserved 

latent clusters in the population of patients. 

METHODS 

The study is an analytical record based study, 

retrospective to a secondary source of data, describing the 

use of latent class analysis to categorize the individuals 

according to possibility of having adverse health 

outcomes in two latent classes based on several common 

risk factors as a method of medical diagnosis. LCA has 

been used as a multivariate statistical tool for the 

fulfilment of the objective. The mathematical model is 

described in the following section. 

The latent class model 

There are two types of probabilities in the latent class 

analysis model.  The first type of probability indicates the 

likelihood of a response by respondents in each of the 

classes.  This represents the probability of a particular 

response to a manifest variable, conditioned on latent 

class membership.  This can be interpreted as factor 

loadings for factor analysis in which both the observed or 

latent variables are measured in a continuous scale. The 

other type of probability represents the latent class size or 

the proportion of individuals who are members of a 

particular latent class. Based on the observed response 

patterns of individuals (or the observed contingency 

table) LCA provides a clustering of individuals in a 

population.  

The assumptions of the standard LC model are as 

follows:
2 

 Data is sampled without replacement from a large 

population units using simple random sampling. 

 The usual latent class model assumes "local 

independence",  i. e. variables are independent within 

a latent class. 

 The response probabilities are same for any two 

individuals or units selected from the population. 

 The indicators are univocal in a sense that they 

indicate to one and only one latent class. 

Following the notations used by AB. Mooijaart
17

, 

suppose there are k = 1,..., K latent classes and v = 1,...,V 

manifest or observed variables. s(v) represents the 

category number observed for the observed variable v 

which can take values from 1,...,Iv (polytomous response 

options). 's' be a vector of length V defined as (s(1), s(2), 

... , s(V)) and it represents a response pattern for a 

particular individual. 

πs be the probability of outcome vector 's' and πs = 

∑    
   s,k , where πs,k = πk ∑    

   v,s(v)| k . 
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πk is the size of class k and π v,s(v)| k is the probability of 

response s(v) in the v
th

 item (or variable) conditional on 

class k. Therefore, πs,k is the unobserved probability of 

simultaneously falling in the categories denoted by vector 

s and the latent class k. 

The complete data likelihood can be written as,                    

L = ∏      s,k)
ns,k

, where ns,k  is the number of 

individuals(unobserved) in the sample who have response 

pattern s and fall in class k. 

LCA models differ mainly in the number of latent 

classes. There is always a trade-off between goodness of 

fit and parsimony of the latent class models. Usually, 

models with more parameters (i.e. more latent classes) 

provide a better “fit”, and more parsimonious models 

tend to have a somewhat poorer fit. The best suited model 

describes the associations among the manifest variables 

in a more justiciable manner. The goodness-of-fit of an 

estimated LCA model can be tested with different 

information criteria. Bayesian Information Criteria (BIC) 

is commonly used to select the optimal number of latent 

classes in a model.
18

 By comparing models with different 

number of latent classes, a model is selected with a lower 

BIC. Model parameters are estimated with suitable 

estimating algorithms such as Expectation-Maximization 

algorithm.
19

 

Data description 

The present study uses a secondary data set on patients 

referred to the UCLA Adult Cardiac Imaging and 

Hemodynamics Laboratories for Dobutamine stress 

echocardiography (DSE) between March 1991 and March 

1996, who gave informed consent to have their medical 

data reviewed.
20

 Study was designed to prospectively 

follow consecutive patients who underwent DSE at the 

UCLA School of Medicine during a five-year period. 

Patients who did not have either 12 months of follow-up 

or an event of cardiac malfunction within 12 months were 

not included in the final analysis. The dataset consists of 

558 observations, of which 138 were deleted for data 

cleaning purpose. Observations on 420 individuals  are 

considered for the analysis. There are 142 male and 278 

female patients. The retrospective study has been 

conducted in March 2016 in the KPC Medical College 

and Hospital, Kolkata. 

Variables on risk factors related to cardiac events viz. 

gender, history of hypertension, history of diabetes, 

history of smoking, history of Myocardial Infarction, 

history of angioplasty, history of bypass surgery are taken 

to be the observed or manifest variables for the analysis. 

All the manifest variables have binary response options 

(e.g. 1 as Yes and 2 as No, 1 as male and 2 as female). 

Consequently a two, three, four classes latent class 

models have been considered. Comparing the BIC values, 

a 2-class model is chosen. Based on all possible 2
7
 

response patterns, the population is segregated into two 

latent classes. 

RESULTS 

The membership probabilities estimated from the latent 

class model are summarized in the table 1. The 

probabilities of positive histories of the risk factors have 

higher values in latent class 1 compared to the second 

latent class in most of the cases. Therefore the underlying 

latent classes can be identified as "Susceptible to adverse 

health outcomes (Class 1)" and "not susceptible to 

adverse health outcomes (class 2)". Health issues of 

individuals having positive history of Myocardial 

Infarction include death as the final outcome. Proportions 

of individuals falling under each latent class are 

mentioned in the parenthesis in Table 1.  

Table 1: Item-response probabilities of the observed 

variables. 

Item-response 

probabilities  

Latent class 1 

(0.2451) 

Latent class 2 

(0.7549) 

Gender   0.7274  0.2117 

History of 

hypertension  
0.6875  0.7072 

History of Diabetes  0.3528  0.3680 

History of Smoking  0.3901  0.2581 

History of myocardial 

infarction  
0.6653  0.1372 

History of angioplasty  0.1950  0.0155 

History of bypass 

surgery  
0.4255  0.0259 

The two indicators namely history of hypertension and 

history of diabetes are showing almost equal probabilities 

of positive response in class 1 and in class 2. So, to 

distinguish between the two classes with respect to these 

variables, a new variable has been formed by considering 

the interaction effect of hypertension and diabetes. The 

new variable is categorised into binary response options 

as "1" being the presence of at least one disease from 

hypertension and diabetes in the individual and "2" being 

the absence of both. 

Table 2: Item-response probabilities including the 

combined history of hypertension and/or diabetes. 

Item-response 

probabilities  

Latent class 1 

(0.2024) 

Latent class 2 

(0.7976) 

Gender  0.7208  0.2202 

History of 

hypertension and/or 

diabetes  

 0.8259  0.7546 

History of smoking  0.3935 0.2587 

History of myocardial 

infarction  

0.6939  0.1351 

History of angioplasty  0.2011 0.0159 

History of bypass 

surgery  

0.4310  0.0292 

Table 2 shows the membership probabilities for the two 

latent classes including the new combined variable 
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instead of the individual variables. Unconditional 

probabilities of being in class 1 (i.e. Susceptible to 

adverse health outcomes) and class 2 are about 0.20 and 

0.80 respectively. For the six indicators considered in the 

model are all showing higher probabilities of being a 

member in the latent class 1 than in the latent class 2. For 

example, the chance of occurrence of health issues in 

individuals having positive history of hypertension and/or 

diabetes is about 0.83 in the first class, which is higher 

than the same (0.75) in the second class. There are higher 

probabilities of being more susceptible to adverse health 

outcomes in individuals having history of smoking, MI, 

angioplasty and bypass surgery. 

Selection of appropriate number of latent classes can be 

made by comparing the values of BIC, a suitable measure 

for variable selection. The data-set is best fitted for a 2-

class model as the corresponding BIC value is the lowest. 

The data were inconsistent with several other possible 

models. Figure 1 shows the values of BIC up to 4-class 

model fitted to the data. 

Table 3 gives the probabilities of membership in the 

latent classes for each response pattern in the observed 

data. The frequencies of the several response patterns are 

also listed in the table. Response patterns with zero 

observed frequencies are omitted. The first cell of 

probabilities (0.00332) indicates the probability of 

membership in the first latent class corresponding to the 

response pattern of six variables as (1, 1, 1, 1, 1, 1) i.e. 

male individuals with the positive histories in the five 

risk indicators. 

 

Figure 1: BIC for different number of latent classes. 

 

Table 3: Assignment to latent classes for each pattern of indicators. 

Gender 

History of 

hypertension 

and/or diabetes 

History 

of 

smoking 

History of 

myocardial 

infarction 

History of 

angioplasty 

History of 

bypass 

surgery 

Observed 

frequency 

Probability of 

response 

pattern 

1 1 1 1 1 1 2 0.003319835 

1 1 1 1 1 2 1 0.004448083 

1 1 1 1 2 1 8 0.013311785 

1 1 1 1 2 2 6 0.021644721 

1 1 1 2 1 2 3 0.002371786 

1 1 1 2 2 1 2 0.006632957 

1 1 1 2 2 2 21 0.034837941 

1 1 2 1 1 1 2 0.00511891 

1 1 2 1 1 2 4 0.006945811 

1 1 2 1 2 1 9 0.020683465 

1 1 2 1 2 2 15 0.038971966 

1 1 2 2 1 1 1 0.002293643 

1 1 2 2 2 1 4 0.011302581 

1 1 2 2 2 2 26 0.089645638 

1 2 1 1 2 1 1 0.002819909 

1 2 1 1 2 2 1 0.005046645 

1 2 1 2 1 2 1 0.000550125 

1 2 1 2 2 2 8 0.010448843 

1 2 2 1 1 2 2 0.001486264 

1 2 2 1 2 1 2 0.004400613 

1 2 2 1 2 2 4 0.009603152 

1 2 2 2 2 1 4 0.002649422 

1 2 2 2 2 2 15 0.027793744 

2 1 1 1 1 2 2 0.001939102 

2 1 1 1 2 1 3 0.005557103 

2 1 1 1 2 2 13 0.021760502 

2 1 1 2 2 1 1 0.005143059 

2 1 1 2 2 2 32 0.099157287 

2 1 2 1 1 2 1 0.003310241 
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2 1 2 1 2 1 5 0.009161639 

2 1 2 1 2 2 23 0.053421401 

2 1 2 2 1 1 1 0.001007616 

2 1 2 2 1 2 4 0.005613724 

2 1 2 2 2 1 4 0.011752671 

2 1 2 2 2 2 131 0.280149037 

2 2 1 1 2 2 2 0.006304218 

2 2 1 2 2 2 15 0.03189986 

2 2 2 1 1 2 1 0.000777293 

2 2 2 1 2 2 5 0.016181266 

2 2 2 2 2 1 3 0.003424134 

2 2 2 2 2 2 32 0.090563486 

1 1 1 1 1 1 2 0.003319835 

1 1 1 1 1 2 1 0.004448083 

1 1 1 1 2 1 8 0.013311785 

1 1 1 1 2 2 6 0.021644721 

1 1 1 2 1 2 3 0.002371786 

1 1 1 2 2 1 2 0.006632957 

1 1 1 2 2 2 21 0.034837941 

1 1 2 1 1 1 2 0.00511891 

1 1 2 1 1 2 4 0.006945811 

1 1 2 1 2 1 9 0.020683465 

1 1 2 1 2 2 15 0.038971966 

1 1 2 2 1 1 1 0.002293643 

1 1 2 2 2 1 4 0.011302581 

1 1 2 2 2 2 26 0.089645638 

1 2 1 1 2 1 1 0.002819909 

 

DISCUSSION 

The population of patients are divided into two latent 

groups according to their susceptibility to occurrence of 

adverse health outcomes in future based on the common 

risk factors. The model also provides risk probabilities of 

the risk factors in each of the latent groups. It may also be 

noted that the risk of having cardiac issues is increased 

for the interaction effect of hypertension and diabetes 

compared to that of individual disjoint effects. Moreover 

the male individuals having a positive history of 

hypertension and/or diabetes are more prone to have bad 

health in future, as the corresponding manifest variables 

have higher positive item-response probabilities (0.72 

and 0.83 respectively) than the rest. The most important 

process lies in the diagnosis of disease in the individuals. 

Latent class model provides probabilities for each 

combination of response options in the manifest variables 

and those may be used for assignment of individuals in 

the latent classes. Observed data set contains only 41 out 

of total possible 2
7
 response patterns.

 

The model describes the pattern of vulnerability among 

individuals having some history of cardiac issues in 

possibility of developing any adverse health effects, most 

commonly death. Individuals who have already incurred 

MI along with the positive histories on some risk factors 

of cardiac events are predisposed to occurrence of 

adverse health outcomes. The survival rate of those 

individuals will naturally be lower than that of the other 

group of individuals. Detailed analysis of the subgroups 

which are obtained by applying LCA may provide a 

further insight in the issue.  

Another commonly used multivariate technique for 

determination of risk factors is logistic regression which 

only identifies the significant factors responsible for the 

outcome and the amount of dependence through the 

estimates of the regression coefficients. For instance, 

Panwar et al performed univariate and multivariate 

logistic regression to identify important cardiovascular 

risk factors in young patients with coronary heart disease 

in India in a case-control study.
21

  To investigate potential 

risk factors for sports injury, multivariate statistical 

approach of logistic regression has been applied for 

determination of complex interaction of multiple risk 

factors and events.
22

 To examine the association of Joint 

National Committee (JNC-V) blood pressure and 

National Cholesterol Education Program (NCEP) 

cholesterol categories with coronary heart disease (CHD) 

risk age-adjusted Cox proportional hazards regression 

and risk analysis were used to test for the relation 

between various independent variables and the CHD 

outcome.
23

 

Latent class model is a multivariate approach to 

categorical data, which provides a classification and 

discrimination of population in well defined clusters in 

probabilistic manner. It provides magnitudes of risks 

through the item-response probabilities in each class. 

This approach is more elaborate in nature. 
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The study demonstrates the use of latent class analysis in 

medical diagnosis. The analysis is based on a secondary 

data set referred to a period in the past (1991-96) and it is 

considered to be sufficient for the purpose of the study.
24

 

However it can be improved by taking more recent data 

containing more risk factors. The number of latent classes 

in that case may increase and interpretations can be made 

accordingly. The estimation of the parameters has been 

carried out using the 'poLCA' package of the R 

software.
25 

CONCLUSION  

The study briefly explains the application of LCA for 

identifying subgroups according to susceptibility to 

adverse health effects in a large population. Assessment 

of common risk factors in predicting latent class sizes 

provides estimates of probabilities for being a member in 

each class. The importance of the combined effect of 

hypertension & diabetes in predicting future health 

problems related to cardiac issues is highlighted. Class 

assignments of individuals according to their pattern of 

response are also listed. 
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