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Did COVID-19 Affect Households Differently?  

Understanding Heterogeneity in Consumer Confidence 

Sourajyoti Sardar, Anirban Sanyal, Tushar B Das1 

 

 Abstract 

Applying latent class analysis to unit-level data from the Consumer Confidence 
Survey, this paper brings out the heterogeneous impact of the first and the 
second wave of the COVID-19 pandemic on Indian households in terms of five 
parameters, namely their current perceptions and assessment of future outlook 
about economic conditions, employment, price level, income, and spending. 
There was a deterioration in the perception of consumers towards current 
economic conditions across all latent classes (grouped based on city, i.e., the 
survey centres; annual income of the households; occupation category of the 
respondents; and time, i.e., survey rounds relating to peak periods of the first two 
COVID-19 waves) during the pandemic period. There was a worsening of 
perception across all latent classes for current income and employment 
conditions as well as their future outlook.  

JEL Codes: D31, E31, E37, E52, E62 

Keywords: Consumer confidence, latent class analysis, heterogeneity, COVID-19, 
model selection, policy, economic situation 

 

                                                
1 Sourajyoti Sardar and Anirban Sanyal are Assistant Advisers, Department of Statistics and Information 

Management, Reserve Bank of India (ssardar@rbi.org.in; asanyal@rbi.org.in). Tushar B Das is Director, 

Department of Statistics and Information Management, Reserve Bank of India (tbdas@rbi.org.in). The authors 

are thankful to Ravi Shankar, A R Jayaraman, Purnima Shaw, Ranjeeta Mishra, and seminar participants at the 

DEPR Study Circle. We are also grateful to Priyanka Upreti, DRG, DEPR. We acknowledge her help in revision 

of this paper. This paper has also benefitted from the comments of an anonymous external reviewer and authors 

place on record their sincere thanks for the same. However, we alone are responsible for any errors that may have 

remained in the paper. The views expressed in the paper are those of the authors and do not necessarily represent 

those of the institutions to which they belong. 

mailto:ssardar@rbi.org.in
mailto:asanyal@rbi.org.in
mailto:tbdas@rbi.org.in


2 
 

Did COVID-19 Affect Households Differently? 

Understanding Heterogeneity in Consumer Confidence 

 

Introduction 

Consumer confidence – a tachygraphic axiom for public opinions of economic 

situations – is a barometer of the health of the economy from the perspective of the 

consumers. It provides valuable information on the present economic conditions and 

their future direction by interacting with consumer behaviour. Macroeconomic 

expectations of individuals are influenced by their socioeconomic status (Das, 2017). 

As a result, heterogeneity in the socioeconomic conditions of individuals can create 

significant differential in their forecasts (Mankiw et al., 2003; Souleles, 2004; Puri and 

Robinson 2007; and Dominitz and Manski, 2007). Economic agents with higher 

income or secure employment conditions are usually more enthusiastic about future 

macroeconomic events. Interestingly, the heterogeneity in perception reduces 

considerably during economic downturns (Das, 2017).  

The heterogeneity is typically associated with the differences in various socio-

demographic traits of individuals. However, it may often be difficult to capture all 

relevant socio-demographic attributes of individuals (Hess, 2014). Hence, the 

literature talks about an underlying fixed personal characteristic, such as vulnerability 

to depression that can explain the general pessimism and poor economic choices 

made by individuals, ultimately leading to poor socio-economic outcomes (Puri and 

Robinson, 2007).  

The COVID-19 pandemic has had significant repercussions on the global and 

the Indian economy. Anecdotal evidence suggests that the pandemic affected 

households differently. Using data from the Consumer Confidence Survey (CCS) of 

the Reserve Bank of India (RBI), this paper analyses the heterogeneity in the 

economic outlook across respondents during the first and the second wave of the 

pandemic. Given the category-wise responses on household characteristics, 

identification of heterogeneous classes of households becomes a challenging task. 

We therefore use latent class analysis (LCA) on the household characteristics to 

determine the class membership of responding households. The latent classes are 

identified separately for the pre-COVID (2019) period, the first wave of COVID (2020) 

and the second wave of COVID (2021). The posterior response probabilities of each 

latent class are analysed for each response category to unveil the heterogeneous 

outlook of respondents.  

Policy makers collect information on consumer sentiments about the economy 

through consumer confidence/ sentiment/ expectation surveys. Survey of Consumers, 
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University of Michigan; Joint Harmonised EU Programme of Business and Consumer 

Surveys; Fecomercio SP’s Consumer Expectation Index used by Banco Central Do 

Brasil, Consumer Survey, Bank Indonesia; FNB/BER Consumer Confidence Index, 

South Africa; Economic Conditions and Household Circumstances, Bank of Japan; 

Nielsen Global Survey of Consumer Confidence and Spending Intentions, Hong Kong; 

and Westpac-Melbourne Institute Survey of Consumer Sentiment are some of the 

notable examples of such surveys.  

The RBI has been conducting the CCS since June 2010. Over time, the 

coverage of the survey has been extended; currently, the survey is conducted in 13 

cities covering 5,400 households on bi-monthly basis to cater to monetary policy 

objectives. The CCS captures households' current perceptions (i.e., the current 

situation as compared to a year ago) and future expectations (i.e., one year ahead 

expectations), with respect to five parameters - economic condition, employment 

scenario, general price levels, income and spending of households. 

The paper observes heterogeneity in the survey responses on general 

economic conditions and other parameters. LCA reveals the presence of four different 

latent classes among the respondents. These four classes reacted differently during 

the two waves of the pandemic. The optimism in current economic conditions declined 

during the first wave of the pandemic and turned highly pessimistic across the latent 

classes during the second wave. Likewise, the optimism about future economic 

conditions was shaded during the first wave of the pandemic, and three-fourth of the 

latent classes turned into negativity during the second wave.  

The pessimism about current income and employment scenarios dragged the 

overall economic perception down, although the outlook remained positive for some 

of the latent classes. There was a decline in optimism in the perceptions about current 

spending during the first wave, which continued to be benign during the second wave. 

The future expectations about spending also waned across all latent classes, 

indicating a precautionary motive for savings among households. Price expectations 

were elevated during the second wave of pandemic, possibly on account of supply 

chain disruptions. The overall outlook on price level was inflationary.  

The remaining part of the paper is organised as follows - Section II provides a 

review of the existing literature. Section III illustrates the data and presents the stylised 

facts. Section IV outlines the empirical framework, and Section V describes the 

empirical findings in detail. Possible economic implications are provided in Section VI, 

followed by concluding remarks in Section VII. 
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II. Literature Review 

Central Banks consider household expectations about the current and future 

economic conditions while formulating monetary policy. The literature indicates that 

households adjust their expectations differently under uncertainty (Bertola et al., 

2005). The empirical evidence of heterogeneous adjustments was first noticed by Lam 

(1991) using Panel Study of Income Dynamics (PSID) Data. He observed significant 

influence of liquidity constraints and market imperfections household income. 

Attanasio (2000) observed the role of triggers on consumers’ decisions to purchase 

cars from Consumer Expenditure Survey (CEX) Data.  

The inherent adjustment costs, which influence household expectations about 

future economic conditions, are often influenced by economic uncertainty (Eberly 

1994; and Hurst and Leahy, 2000). The adjustments in expectations tend to be 

heterogeneous among households and are driven by household characteristics. Such 

divergence in expectation adjustments, observed in Michigan Consumer Sentiment 

Survey, was classified as survey response bias, and raised questions about rationality 

of respondents. Indeed, rationality of households is found to share a positive but weak 

correlation with future expectations about income scenarios (Flavin, 1991; and 

Souleles, 2004). However, this hypothesis was rejected by Keane and Runkle (1990) 

who used the information theory to support heterogeneous response adjustments. 

According to the information theory, households differ in terms of information content, 

and they adjust their expectations gradually over a longer horizon.  

Souleles (2004) observed household information set as a major factor fueling 

heterogeneity in expectations about future income from unit-level Michigan Survey 

data. In recent studies, Das et al. (2017) have highlighted that the heterogeneity in 

expectations is mainly due to the socio-economic characteristics of respondents. They 

observed that high-income and highly educated respondents were more optimistic in 

terms of their future expectations. Further, they found that the variation in expectation 

reduced during recessions, and widened during the economic upswings. The 

heterogeneity in response could be linked to psychological assessment by the 

households. Sturge-Apple et al. (2016) provided a neuro-scientific explanation behind 

heterogeneity in survey responses.  

Studies have also analysed the heterogeneity among consumer expectations 

during the recent pandemic. The impact of the pandemic could be seen in many ways. 

There were labour market disruptions that translated into widespread income losses 

across countries (Khamis et al., 2021). A World Bank survey observed that the effect 

of COVID-19 was asymmetrically more among low education and low skilled working 

classes. A European Central Bank survey on consumer expectations revealed that the 

pandemic affected households at large but the effect was most significant for 
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households with younger members, female members and low-income individuals 

Christelis et al., 2020).  

Coibion et al. (2020) analysed the effect of the lockdown on income, 

consumption and future expectations of households in the US. They observed a 10 

per cent increase in unemployment expectations and falling inflation expectations. 

They also observed that following uncertainty, households put on hold their large-ticket 

purchases of durables. Using New York Fed's Survey of Consumer Expectations, 

Armantier et al. (2021) observed staggered adjustment of inflation expectations. 

Further, they observed that the households were affected by the uncertainty caused 

by the pandemic, leading to wider variations in inflation-related perceptions among 

respondents. Similar pessimism was visible in the survey conducted by McKinsey 

(2021).  

The effect of the pandemic and subsequent lockdowns also affected firms' 

pricing policies, as they were reluctant in changing prices in the face of supply chain 

disruptions and slump in aggregate demand. The heterogeneity in perceptions 

following the pandemic was also observed in survey-based studies conducted by the 

London School of Economics, Harvard and many other institutions. The effect lasted 

over a longer period, and magnitude among various classes of households. The latest 

round of the Survey of Consumer Expectations of the New York Fed revealed 

significant improvement of households’ expectations due to the financial support 

provided by the government (Armantier et al., 2021)2.  

India’s experience was not different from other countries. According to a report 

published by the Boston Consulting Group (BCG) in 2021, the consumption effect of 

the pandemic was severely felt by Indian households. They observed 10 to 20 per cent 

moderation of consumption demand during the pandemic, which would reach the pre-

pandemic level only by 2022. Bertrand, Krishnan and Schofield (2020) analysed the 

Consumer Pyramids Data from CMIE and observed significant loss of income in India 

during the pandemic. Using the same survey, Sanyal et al. (2021) identified the 

heterogeneous impact of the lockdown on income and consumption levels across 

household categories. They also found differential severity of the impact over the first 

four months of lockdown on household income and consumption. Combining the 

heterogeneity of households’ expectations and recent experience of the lockdown in 

India, it is argued that the households altered their expectations on economic 

conditions differently based on their socio-economic status and other characteristics.  

LCA, the methodology used in this paper, was first introduced by Lazarsfeld 

(1950). Later the framework was revised and enhanced by Clogg (1981;1995), 

                                                
2 See https://libertystreeteconomics.newyorkfed.org/2020/08/the-disproportionate-effects-of-covid-19-on-

households-with-children/ 
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Hagenaars (1990), Vermunt (1997), and Nylund-Gibson and Choi (2018). LCA is 

extensively used in social sciences. They are also used to validate data consistency 

in survey responses. Kumar et al. (2012) analyse the data consistency of Consumer 

Confidence Survey data using latent class analysis.  

LCA falls under the broad class of mixture modeling techniques. Mixture 

modeling is extensively used in social and behavioral sciences to detect heterogeneity 

in the survey responses. Bucholz et al. (2000) analysed personality disorder using 

LCA models. Some notable examples where LCA was used for analysing behavioral 

data were eating disorder analysis (Keel, 2004), attention deficiency analysis 

(Rasmussen et al., 2002), and comorbidity study (Sullivan and Kessler, 1998).  

Though LCA models were earlier used for analysing discrete data, their 

application was extended to continuous variables by Lubke and Muthén (2005), 

Muthén (2006), Muthén and Asparouhov (2006) and Muthén, Asparouhov, and 

Rebollo (2006). LCA was also used in longitudinal studies (Verbeke, Molenberghs, 

2000), measurement error (Carroll et al., 2006), survival analysis (Hougaard, 2000), 

and market segmentation (Wedel and Kamakura, 2000).  

The advantage of LCA is its distribution-free assumptions of indicators with 

assumption of local independence. However, the local independence assumption can 

be relaxed as proposed by Sinclair and Gastwirth (1996); Reboussin et al. (2008); and 

Bertrand and Hafner (2011).  

In this context, the contribution of our paper to the literature can be understood 

in three major ways: first, the paper highlights possible heterogeneity in household 

responses about the current perceptions as well as future expectations. Secondly, it 

analyses the impact of COVID-19 on the response heterogeneity using households’ 

expectations data. Finally, the paper uses LCA to unveil the latent classes from unit 

level households’ expectations data. LCA is used for the pre-pandemic and pandemic 

responses to estimate latent classes, and check the rationality of responses using 

posterior probability estimates. 

 
III. Data and Stylised Facts 

The Consumer Confidence Survey is a useful source of information on 

consumer perceptions and expectations about various macroeconomic parameters. 

These perceptions indicate consumers’ confidence in the economy. The Survey also 

offers detailed information on socio-economic and demographic attributes of 

responding households. 
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As mentioned earlier, the RBI captures households' current perception as 

compared to a year ago, and their expectations a year-ahead for five macroeconomic 

parameters – general economic condition, employment scenario, general price level 

(and rate of change), income and spending of households (Chart 1).  

The qualitative responses for each of the parameters are obtained on a three-

point scale – improved/increased (current scenario) or will increase (future scenario); 

remain same (or will remain same) and worsened/ decreased (will decrease). The RBI 

further furnishes two consumer confidence indices – current situation index (CSI) and 

future expectation index (FEI) – based on the current perceptions and future 

expectations of the households respectively, on these five parameters.  

Chart 1 

 

Source: Consumer Confidence Surveys (CCS) of RBI. 

Over time, the coverage of this Survey has been expanded; as of February 

2022, the survey is conducted in 13 cities covering 5,400 households. Though started 

with a quarterly frequency, this survey is currently conducted on a bi-monthly basis to 

align it with the monetary policy timeline. Respondents are selected using a random 

sampling method. 

For this paper, the respondent-level data of CCS has been used, which is 

publicly available in RBI’s Database on Indian Economy. May and July rounds for 

2019, 2020, and 2021 have been used in this paper. Data for 2019 are used to 

construct the model as well as find out the appropriate number of classes which can 

support the model best. The same model is then applied to the data for 2020 and 2021 

to examine how these classes reacted during the first and the second wave of the 

pandemic.  

With respect to the COVID-19 timeline in India, the first wave, which was 

between April to November 2020, lasted longer than the second wave in 2021. Within 
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the first phase, a nation-wide lockdown was imposed during April - May 2020, and the 

unlock period started from June 2020 and stretched up to November 2020. Therefore, 

the hardships suffered by the households were mostly during April – July 2020.  

The second wave of the pandemic, well-known for the spread of Delta variant, 

started during the middle of March 2021 and its severity lasted up to the middle of July 

2021, during which regional lockdowns were imposed. No major variations were 

observed in the demographic characteristics of respondents between the data for 

2019, 2020 and 2021 (Table 1). 

Table 1: Demographic Distribution 

 
Sources: Consumer Confidence Surveys (CCS) of RBI; and Authors’ calculation. 

While macroeconomic conditions are explained well by the aggregated data, 

respondent-level data offers more insights (Lahiri, 2016). Household perceptions and 

expectations on economic indicators exhibit considerable heterogeneity. Expectations 

(in per cent)

Average of 

May and 

July 2019

Average of 

May and 

July 2020

Average of 

May and 

July 2021

5,298 5,321 5,321

Rs.1 Lakh or Less 40.3 36.4 38.6

Rs.1 Lakh to Less than Rs.3 Lakh 48.5 50.0 49.0

Rs.3 Lakh to Less than Rs.5 Lakh 7.9 9.5 8.5

Rs.5 Lakh or More 3.3 4.2 4.0

Employed (Salaried) 23.7 27.1 27.7

Self Employed/ Business 19.0 21.4 21.5

Daily Workers 10.6 11.2 9.1

Homemaker 32.7 25.7 26.8

Retired/ Pensioners 4.9 4.9 4.0

Unemployed/ Students 9.1 9.7 11.1

Post Graduate and Above 5.4 5.7 5.3

Graduate 20.2 22.1 23.5

12th Std. 14.9 14.9 15.8

10th Std. to Below 12th Std. 20.2 21.4 20.7

5th Std to Below 10th Std. 25.3 26.3 25.0

Below 5th Std. 5.9 4.9 4.4

Illiterate 8.1 4.8 5.5

22-29 Years 30.0 28.4 24.1

30-39 Years 26.9 29.1 29.2

40-59 Years 33.0 33.8 37.5

60 Years and Above 10.1 8.8 9.3

Female 46.4 38.8 39.2

Male 53.6 61.3 60.8
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can be influenced by behavioural aspects, media, complexity of the macroeconomic 

parameter, understanding of both surveyors and respondents, etc.  

The literature indicates that demographic factors play a crucial role in 

influencing household expectations (Dow, 2016). Household expectations on 

economic parameters are multi-dimensional in nature and depend on interactions of 

several demographic and socio-economic factors.  

To understand the heterogeneity among household perceptions and 

expectations owing to demographic factors during the pandemic and pre-pandemic 

period, the combined CSI and FEI are plotted alongside the demography-specific CSI 

and FEI (Chart 2). Initially, households thought the first wave of the pandemic was 

transitory. Therefore, the extent of pessimism was lower in FEI as compared to CSI. 

Interestingly, a persistence of the pandemic reinforced the cynicism among 

households and a notable divergence between the FEI and CSI was observed 

thereafter. 

Chart 2: Consumer Confidence Indices 

 
Sources: Consumer Confidence Surveys (CCS) of RBI; and Authors’ calculation. 

CSI and FEI varied across the socio-economic brackets indicating 

heterogeneity and suggesting that the pandemic affected these groups differently. The 

pandemic affected the low-income groups severely as compared to high-income 

groups. Besides, pessimism among the high-income groups bottomed out earlier than 

the low-income groups (Chart 3). A similar pattern was observed in future 

expectations. The outlook of the high-income groups was more optimistic during the 

recovery phase than low-income groups. This underlined heterogeneity in forward-

looking economic assessment among respondents.  
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Chart 3: Consumer Confidence Indices – Income-Wise 

 
Sources: Consumer Confidence Surveys (CCS) of RBI; and Authors’ calculation. 

Similarly, households with stable income from the fixed employment were 

certainly less pessimistic than the self-employed or daily labourers. Retired 

respondents showed less pessimism possibly owing to their security of a steady 

pension income. Outlook of the self-employed/ business category, though improved 

after the first wave, weakened more rapidly during the second wave (Chart 4).  

Chart 4: Consumer Confidence Indices – Occupation-Wise 

 
Sources: Consumer Confidence Surveys (CCS) of RBI; and Authors’ calculation. 

The perception also varied across cities covered in the Survey. We have shown 

Tier-I and Tier-II cities in Chart 5 to maintain the clarity in presentation.3 Negativity in 

confidence was lower in Tier-II cities than Tier-I cities for both current perception and 

                                                
3 Ties 1 cities are Ahmedabad, Bengaluru, Chennai, Delhi, Hyderabad, Kolkata, and Mumbai; Ties 2 cities are 

Bhopal, Guwahati, Jaipur, Lucknow, Patna, and Thiruvananthapuram. 
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future outlook. However, the pessimism was much less with regard to the future 

outlook than the current situation in Tier-II cities. Such variations were expected 

considering that cities experienced lockdowns at different points of time. The 

administrative measures to restrict movements differed not just across cities but also 

across the various waves of the pandemic.  

Chart 5: Consumer Confidence Indices – Tier-Wise 

 
Sources: Consumer Confidence Surveys (CCS) of RBI; and Authors’ calculation. 

Such heterogeneous distribution of responses underlined the possibility of 

latent classes owing to respondents’ characteristics and spatial locations. Such latent 

classes cannot be observed directly but are estimated from the unit-level data, as 

attempted in this paper.  

 

IV. Methodological Framework 

Latent class analysis has many advantages compared to conventional 

clustering techniques. The choice of classification in LCA is less arbitrary due to the 

underlying statistical model, and hence, offers various assiduous statistical tests to 

assess model fitness. It further lays out the conditions to make decisions about the 

suitable number of clusters. The probabilistic nature of cluster membership in latent 

class cluster analysis leads to less biased estimations of class-specific means, as 

each case only contributes to this mean weighted by its class membership probability 

(Karnowski, 2017). 

LCA is used for identifying the latent classes from multivariate responses across 

respondents. Let 𝐹 be the set of dependent variables and 𝑦𝑖𝑗 be the response of ith 

respondent in jth question. The respondent’s response is represented as 𝑦𝑖  =  (𝑦𝑖𝑗)  ∈

 𝑅𝐽 . The latent classes are 𝑐 where 𝑐 =  1(1)𝐶. Also let 𝑣𝑖  be the random variable 
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denoting the latent class of i-th respondent. The latent class analysis models the joint 

density of 𝑦𝑖 i.e 𝑓(𝑦𝑖).  

Following total probability formula, it can be written 

𝑓(𝑦𝑖)  =  ∑ 𝑃𝐶
𝑐=1 (𝑣𝑖 = 𝑐) 𝑓(𝑦𝑖|𝑐) ……….…………..…….. (1) 

Assuming local independence between responses, it can be written𝑓(𝑦𝑖|𝑐)  =

 ∏ 𝑓(𝑦𝑖𝑗|𝑐)𝐽
𝑗=1 . The conditional local independence between response categories 

assumes that the respondents are providing their assessment and expectations about 

each response category independently. The underlying rationale behind the local 

independence is that the association between outcome variables can only be 

explained by the latent class characteristics. 

Combining these two equations, the joint density can be written as 

𝑓(𝑦𝑖)  =  ∑ 𝑃𝐶
𝑐=1 (𝑣𝑖  =  𝑐) ∏ 𝑓(𝑦𝑖𝑗|𝑐)𝐽

𝑗=1 …………………….. (2) 

The model specification is completed assuming multinomial distribution for 

𝑓(𝑦𝑖𝑗|𝑐). Hence Eq. (1) can be written as 

𝑓(𝑦𝑖)  =  ∑ 𝑃𝐶
𝑐=1 (𝑣𝑖 = 𝑐) ∏ ∏ (𝜋𝑗𝑟𝑐)𝑦𝑖𝑗𝑟

∗𝑅𝑗−1

𝑟=0
𝐽
𝑗=1 ……..……….. (3) 

where, 𝑅𝑗 is the number of categories under the jth question. 𝑦𝑖𝑗𝑟
∗ is a binary variable 

with value of 1, if respondent I chooses rth option in question j. Finally, 𝜋𝑗𝑟𝑐  =  𝑃(𝑦𝑖𝑗 =

𝑟|𝑣𝑖 = 𝑐) i.e., it is the probability that option r will be selected by respondents belonging 

to latent class c.  

Though LCA was initially designed for discrete choices, 𝑓(𝑦𝑖𝑗|𝑐) can also be 

modelled as continuous density.4 The parameter space of the LCA model depends 

upon the parameters of functional form of likelihood and prior densities of latent 

classes. The model parameters are estimated using maximum likelihood estimates 

using unit level survey responses. Once they are estimated, the posterior membership 

probability of any latent class is given by 

𝑃(𝑣𝑖 = 𝑐|𝑦𝑖) =  
𝑝(𝑣𝑖=𝑐)𝑝(𝑦𝑖|𝑣𝑖 = 𝑐)

𝑓(𝑦𝑖)
  …………………………….. (4) 

where, 𝑛𝑗(𝑥𝑖) is a generalised linear model such that ∑ 𝑛𝑗(𝑥𝑖) = 1𝑗 . 

The model can be estimated using a simplex algorithm, proposed by Dayton 

and Macready (1988). However, the standard error of estimates cannot be obtained 

using this approach. Following Bandeen-Roche et al. (1997), the model is estimated 

using the EM algorithm. The link function is assumed to be logistic in nature. Starting 

                                                
4 In case of continuous density, the model is called latent profile model. 
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with an initial guess about the class probabilities and covariate effects, the estimation 

approach calculates the posterior class probabilities from the initial guess and then, it 

updates the class probabilities and regression coefficients by maximising the log 

likelihood function.  

LCA involves various steps involving variable choice, class numbers and 

estimation before reaching the best-suited model for the data. Hence, a step-wise 

approach has been followed to determine the optimal choice of model. 

Step 1: Identify grouping variables. 

Step 2: Select the best model using suitable grouping variables. 

Step 3: Select the optimal number of classes. 

Step 4: Estimate the model parameters. 

Step 5: Estimate posterior class probabilities. 
 

Grouping of variables is used to identify the latent classes, following Biemer and 

Winsen (2002). Hui and Walter (1980) first suggested the grouping of respondents’ 

characteristics5 to improve the goodness of fit and reduce unexplained leftover 

heterogeneity. The underlying assumption behind grouping variables is that the 

grouping variable should be highly correlated with the latent classes. In this paper, 

different grouping variables are used to carve out the best of the breed model. 

Models - 

f1: Y ~ Time 

f2: Y ~ Income + Time 

f3: Y ~ Occupation + Time 

f4: Y ~ City + Time 

f5: Y ~ Income + City + Time 

f6: Y ~ Occupation + City + Time 

f7: Y ~ Income + Occupation + Time 

f8: Y ~ City + Income + Occupation + Time 

where, Y is the survey response across various categories. Here, Y = (A, B, C, D, E, 

F, K, L, M, N)6 and the variables imply the following: 

'A' - perception on general economic situation - compared to one year ago; 

'B' - outlook on general economic situation - one year ahead; 

'C' - perception on household income - compared to one year ago; 

'D' - outlook on household income - one year ahead; 

'E' - perception on overall household spending - compared to one year ago; 

                                                
5 Grouping variables and covariates are used interchangeably in this paper. 
6 The other response variables are excluded due to inconsistency in responses observed by Kumar, Husain and 

Mukherjee (2012). 
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'F' - outlook on overall household spending - one year ahead; 

'K' - perception on employment scenario - compared to one year ago; 

'L' - outlook on employment scenario - one year ahead; 

'M' - perception on general prices - compared to one year ago; 

'N' - outlook on general prices - one year ahead; and 

time, income, occupation, and city are the grouping variables or covariates. 
 

Among these specifications, the best model is selected using the goodness-of-

fit measures. Currently, there is no consensus among researchers about the optimal 

goodness-of-fit criteria. The likelihood ratio test is not suitable for detecting optimal 

models due to lack of regularity conditions. Often, mixture modelling uses information 

criteria (AIC, BIC) along with subjective assessment to choose the best model. Lanza 

et al. (2002) proposed BIC as the optimal information criteria for the model selection. 

Yang (2006) proposed adjusted BIC as optimal information criteria.  

In this paper, BIC is used to determine the optimal grouping variables. Beyond 

the information criteria, Wang (2017) proposed another criterion based on entropy7 

measures for running model diagnostics. Entropy measures the goodness-of-fit in 

terms of class representations. Generally, a higher value of entropy is acceptable. 

Celeux and Soromenho (1996) suggested using entropy measures of 1 (at least higher 

than 0.8) for accepting a good model. However, the threshold value of entropy-based 

measures is not available. In this paper, an entropy estimate of at least 0.6 is used for 

identifying the optimal model.  

After the grouping variables are decided, the optimal number of latent classes 

are analysed, given the responses. As the number of classes increases, the parameter 

space expands exponentially. Hence, it is decided to restrict the analysis with the 

number of latent classes as 2, 3 and 4.8 Further, the power of latent class models 

depends heavily on the sample size. Hence a pertinent question is: what is the optimal 

sample size to get a reliable estimate? While a higher number of data points is the 

obvious choice, Nylund - Gibson and Choi (2018) suggested using at least 300 

observations to get consistent estimates of the covariates. Often, researchers use 

Monte Carlo simulations to determine optimal sample size. In this paper, large sample 

sizes (more than suggested) are used to estimate the model. In that sense, the model 

parameters are expected to be stable, and the estimation process is likely to converge.  

                                                
7 Entropy is a measure of dispersion (or concentration) in a probability mass function. For multivariate categorical 

data, it is calculated as 𝐻 =  − ∑ 𝑝𝑐ln (𝑝𝑐)𝑐  where 𝑝𝑐 is the share of the probability in the cth cell of the cross-

classification table. A fitted latent class model produces a smoothed density estimate of the underlying distribution 

of cell percentages in the multiway table of the manifest variables. The poLCA entropy function calculates the 

entropy of that estimated probability mass function, setting 𝑝𝑐 = 𝑃̃(𝑦𝑐) in the above notation (Linger and Lewis, 

2011). 
8 The paper also considers 5 latent classes. However, the estimates lack robustness due to data limitations. 



15 
 

Next, the posterior class probabilities are used across different outcome 

variables (i.e., income, price, economic conditions, etc.) to map the characteristics of 

the latent classes with response probabilities. Using these steps, the latent class 

models are estimated using unit level survey responses for pre-pandemic and 

pandemic periods (the first and the second wave). The latent classes and posterior 

probability estimates are available for each of these time spans.  

In this paper, the latent class compositions are compared for these three 

episodes. The pandemic effect is reflected from the posterior probabilities of latent 

classes. The empirical findings are summarised by looking at the posterior probability 

estimates across different outcome variables and commenting on the respondents’ 

rationality in each outcome variable in each episode. 

A series of robustness checks are carried out in each step of the process. The 

first round of checks was carried out using different combinations of grouping variables 

and estimating the information criteria for each choice of grouping variables. The 

choice of grouping variables was found to be robust among those choices. Besides, 

the stability of the grouping variable selection along with the choice of classes were 

carried out using bootstrapping. Using 80 per cent of the unit-level responses from the 

pre-pandemic period, the model selection criteria is analysed for each bootstrap round. 

Class-4 model estimates were found to be stable compared to Class-5 model results. 

The sensitivity of the latent class estimates was further checked using bootstrapping. 

An application named poLCA9 from the R software is used for the analytical work. 

 

V. Empirical Findings 

V.1 Model Selection 

As indicated earlier, the grouping variables are determined in the empirical 

analysis. The competing models (f1-f8) are tested to identify the suitable grouping 

variables using data for May and July 2019.10 The models are validated using 

information criteria (AIC, cAIC, BIC and aBIC) and Chi-square. The AIC and cAIC 

estimates evaluate f8 (i.e., grouping variables city, income, occupation and time) as 

the best model. Though model f4 also exhibits better AIC estimates for class-2 and 

class-3 models, f8 is deemed as a suitable grouping model given the unit-level 

responses due to better in-sample fit criteria for higher class models (Table 2).  

                                                
9 The estimation of latent class models and latent class regression models in R (see Linger and Lewis, 2011; R 

Development Core Team, 2010) is based on this package.  
10 The seasonal pattern in the aggregate response data is checked and the statistical tests do not find any significant 

seasonality in the response pattern. 
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Table 2: AIC and cAIC Estimates of Models 

AIC 

  f1 f2 f3 f4 f5 f6 f7 f8 

2-Class 171341 171282 171283 170513 170435 170470 171235 170401 

3-Class 168435 168956 168378 167718 170791 171585 168840 167506 

4-Class 166478 166388 166343 180534 170023 164821 166269 166197 

5-Class 165444 180534 170704 181612 182229 182884 182600 164308 

cAIC 

  f1 f2 f3 f4 f5 f6 f7 f8 

2-Class 171688 171654 171671 170960 170906 170958 171648 170913 

3-Class 168965 169535 168990 168446 171569 172395 169501 168366 

4-Class 167189 167173 167178 181543 171106 165954 167179 167404 

5-Class 166337 181526 171763 182902 183618 184339 183758 165862 

Note: The color coding used in the table, represents high to low values (red being high and 
green being low value). 
Sources: Consumer Confidence Surveys (CCS) of RBI; and Authors’ calculation. 

Additionally, the grouping variable selections are tested using BIC criteria and 

Chi-square estimates. The paper observes a similar selection of grouping variables 

using BIC, aBIC and Chi-Square estimates (Table 3). 

Table 3: BIC and Chi-square Estimates of Models 

BIC 

  f1 f2 f3 f4 f5 f6 f7 f8 

2-Class 171646 171609 171624 170906 170849 170899 171598 170851 

3-Class 168901 169465 168916 168358 171475 172297 169421 168262 

4-Class 167103 167078 167077 181421 170975 165817 167069 167258 

5-Class 166229 181406 171635 182746 183450 184163 183618 165674 

aBIC 

  f1 f2 f3 f4 f5 f6 f7 f8 

2-Class 171512 171466 171475 170734 170668 170712 171439 170654 

3-Class 168697 169242 168680 168078 171176 171985 169167 167931 

4-Class 166830 166777 166756 181033 170559 165382 166719 166794 

5-Class 165886 181025 171228 182250 182917 183603 183173 165077 

Chi-square 

  f1 f2 f3 f4 f5 f6 f7 f8 

2-Class 503418 507894 504995 500338 505468 502479 509174 507463 

3-Class 389644 236195 390237 228273 438290 339165 231799 395272 

4-Class 236781 237671 235634 354640 175796 223302 235467 175609 

5-Class 213714 292567 267744 794907 505774 735160 552426 87401 
 

   Sources: Consumer Confidence Surveys (CCS) of RBI; and Authors’ calculation. 

V.2 Selection of Appropriate Number of Classes 

We use city, income, occupation and time as grouping variables and the model 

is estimated once again to determine the optimal number of classes from the survey 
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responses using information criteria and entropy measures. Table 4 represents 

estimates of AIC, BIC and entropy estimates for each class model.11  

The entropy estimates are greater than 0.7 for all classes of models which 

implies that the models are acceptable under the generally acceptable threshold of 

0.6. Further, the BIC criteria indicate that Class-4 and Class-5 models are suitable 

candidate models for capturing the respondents’ heterogeneity in responses, whereas 

the BIC of Class-3 model is sufficiently higher than Class-4 model. Also, the BIC 

estimate of the Class-4 model is closer to the Class-5 model. Hence, the final choice 

of model is restricted to the Class-4 model with the choice of grouping variables. 

Table 4: Number of Classes Using Various Information Criteria 

 
    Sources: Consumer Confidence Surveys (CCS) of RBI; and Authors’ calculation. 

Further, the same procedure is repeated using May and July responses for 2020 

and 2021, corresponding with the peak of the pandemic. Class-4 appears to be the 

optimal choice for both the episodes (Chart 6). 

Chart 6: Class Selection during COVID-19 Periods 

 
Sources: Consumer Confidence Surveys (CCS) of RBI; and Authors’ calculation. 

                                                
11 The information criteria estimates are used for selecting the model. LCA models are estimated iteratively for 

the determining optimal number of classes. The model fit estimates (coefficients and information criteria 

estimates) vary in each iteration due to the EM algorithm used for estimating the model and changes in the 

benchmark class (Nylund et. al. (2007)). However, the f8 model appears to be the robust model selection over 

different iterations of estimations and hence, f8 is considered the final model for the analysis. Further, the 

robustness of class selection was confirmed using bootstrap estimates of information criteria for 1000 iterations. 

Class BIC aBIC cAIC Likelihood 

Ratio

Entropy

2 170851 170654 170913 20941 0.7703

3 167964 167634 168068 18012 0.7303

4 165789 165326 165935 16037 0.7204

5 165233 164636 165421 15305 0.7218
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V.3 Latent Class Characteristics 

Next, the latent classes are characterised using the estimated coefficients of the 

income and occupation levels. Table 5 represents the coefficient estimates of each 

income and occupation category.12  

Covariates are included in the latent class regression model through their 

effects on the priors 𝑃𝑟. In the basic latent class model, it is assumed that every 

individual has the same prior probabilities of latent class membership. The latent class 

regression model, in contrast, allows individuals' priors to vary depending upon their 

observed covariates. 

The mixing proportions in the latent class regression model is denoted as 𝑃𝑟𝑖 to 

reflect the fact that these priors may vary across individuals. It is still the case that 

∑ 𝑃𝑟𝑖𝑟 = 1 for each individual. To accommodate this constraint, poLCA employs a 

generalised (multinomial) logit link function for the effects of the covariates on the 

priors (Agresti, 2002). 

Let 𝑋𝑖 represent the observed covariates for individual 𝑖. poLCA arbitrarily 

selects the first latent class as a “reference” class and assumes that the log-odds of 

the latent class membership priors with respect to that class are linear functions of the 

covariates. Let 
𝑟
 denote the vector of coefficients corresponding to the 𝑟th latent class. 

With S covariates, the 
𝑟
 have length 𝑆 + 1; this is one coefficient on each of the 

covariates plus a constant. Because the first class is used as the reference, 
1

= 0 is 

fixed by definition. Then, 

ln(𝑃2𝑖/ 𝑃1𝑖) =  𝑋𝑖2
 

ln(𝑃3𝑖/ 𝑃1𝑖) =  𝑋𝑖3
 

⋮ 

ln(𝑃𝑅𝑖/ 𝑃1𝑖) =  𝑋𝑖𝑅
 

Following some simple algebra, the general result is 

𝑃𝑟𝑖 = 𝑃𝑟(𝑋𝑖;  ) =
𝑒𝑋𝑖𝑟

∑ 𝑒
𝑋𝑖𝑞𝑅

𝑞=1

 ……………….………………….. (5) 

The parameters estimated by the latent class regression model are the 𝑅 − 1 

vectors of coefficients 
𝑟

 and, as in the basic latent class model, the class-conditional 

outcome probabilities ̂𝑗𝑟𝑐  (Linzer & Lewis, 2011)13. 

                                                
12 Here, the spatial coefficients are not included to center the discussion on the income and occupation categories. 

Separate tables of coefficient estimates are provided in Appendix-I for completeness. 
13 The above mathematical derivation is directly taken from the "poLCA: Polytomous Variable Latent Class 

Analysis - Version 1.4" authored by Drew A. Linzer and Jeffrey Lewis. 
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It must be pointed here that these coefficients are reported as odds ratio with 

respect to the reference class (i.e., odds with respect to the reference class). The 

reference class represents equal representation from all income and occupation 

classes. The first coefficient value of 0.63 (class-1 in pre-pandemic) indicates odds of 

0.63 of respondents having income between 1 lakh to 3 lakh to belong to class-1 

compared to Class-4 (reference class). On the contrary, respondents of this income 

group are almost equally likely to be in Class-2 and Class-3 with respect to the 

reference class.  

Comparing the coefficient values of all income classes in Class-1, respondents 

with Rs.1 lakh to Rs.3 lakh of income have a greater likelihood to belong to Class-1 

among all income categories. Similar arguments can be drawn with respect to 

occupation categories also. Homemakers and unemployed/ students have equal odds 

to be part of latent Class-1, whereas latent Class-2 has similar odds of having 

employed, homemakers and unemployed. Moving on to the odds ratio estimates from 

the first wave of COVID-19, the income group of Rs.1 lakh to Rs.3 lakh and Rs.5 lakh 

and more have similar odds of being in Class-1 as compared to the reference class.  

The likelihood of Class-2 membership is greater for medium income (i.e., Rs.3 

lakh to Rs.5 lakh) and high income (i.e., Rs.5 lakh and more) groups. Among the 

occupational groups, self-employed, and business owners have greater likelihood to 

be part of Class-1 whereas retired/ pensioners are likely to be a part of Class-2. Lastly, 

unemployed/ students have greater odds of being in Class-3 during the first wave of 

pandemic.  

With regard to the second wave, the odds of each income and occupational 

class started aligning to balanced representation across all latent classes. While low-

income respondents had a greater representation in Class-1 during pre-pandemic 

period, the odds improved for high-income respondents of being in Class-1 during the 

second wave of the pandemic. However, the overall comparison of classes across 

these three episodes should not be done as the benchmark class differs across these 

time periods. 
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Table 5: Coefficient Estimates of Income and Occupation Category 

 

 
Sources: Consumer Confidence Surveys (CCS) of RBI; and Authors’ calculation. 

The “estimated class population shares” section of the output provides the 

estimated proportions corresponding to the share of observations belonging to each 

latent class (Linzer and Lewis, 2011). Therefore, in the case of the Class-4 model, the 

share of observations is estimated to be 21.43 per cent in latent Class 1, 28.36 per 

cent in latent Class 2, 20.54 per cent in latent Class 3 and 29.67 per cent in latent 

Class 4 (Table 6). 

Income/ Occupation bracket Class 1 Class 2 Class 3

Income: Rs.1 Lakh to Less than Rs.3 Lakh 0.63 1.01 1.04

Income: Rs.3 Lakh to Less than Rs.5 Lakh 0.44 0.78 0.84

Income: Rs.5 Lakh or More 0.32 0.59 0.82

Occupation: Employed (Salaried) 0.89 1.22 1.72

Occupation: Homemaker 1.19 1.35 1.63

Occupation: Retired/ Pensioners 0.98 1.06 0.49

Occupation: Self Employed/ Business 0.95 0.81 0.82

Occupation: Unemployed/ Students 1.03 1.19 1.80

Income: Rs.1 Lakh to Less than Rs.3 Lakh 0.97 0.99 1.04

Income: Rs.3 Lakh to Less than Rs.5 Lakh 0.88 1.12 1.22

Income: Rs.5 Lakh or More 1.07 1.35 1.54

Occupation: Employed (Salaried) 0.89 1.31 1.79

Occupation: Homemaker 0.99 1.36 1.36

Occupation: Retired/ Pensioners 0.68 2.18 1.04

Occupation: Self Employed/ Business 1.08 1.19 0.98

Occupation: Unemployed/ Students 0.80 1.60 2.12

Pre-COVID-19 (2019)

During 1st Wave of COVID-19 (2020)

Income: Rs.1 Lakh to Less than Rs.3 Lakh 0.69 0.44 0.70

Income: Rs.3 Lakh to Less than Rs.5 Lakh 0.44 0.33 0.70

Income: Rs.5 Lakh or More 0.61 0.32 0.87

Occupation: Employed (Salaried) 0.39 0.50 0.41

Occupation: Homemaker 0.45 0.68 0.53

Occupation: Retired/ Pensioners 0.43 0.40 0.43

Occupation: Self Employed/ Business 0.80 1.23 0.72

Occupation: Unemployed/ Students 0.41 0.72 0.53

During 2nd Wave of COVID-19 (2021)
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Table 6: Class Memberships 

 
Sources: Consumer Confidence Surveys (CCS) of RBI; and Authors’ calculation. 

V.4 Conditional Item Response Probabilities/Posterior Response Probabilities 

The conditional item response probabilities or posterior response probabilities 

are calculated using equation (4), by outcome variable, for each class. This output 

shows the probabilities of respondents in each latent class providing an optimistic 

(choice of option equal to increased/ improved/ will increase), neutral (choice of option 

equal to remained same/ will remain same) or pessimistic (choice of option equal to 

decreased/ worsened/ will decrease) response to the indicator variable in question. 

These choices are represented as Pr(1), Pr(2) and Pr(3), respectively. For example, 

the conditional item response probabilities for the ‘current general economic condition’ 

variable produced in Class-4 model for three distinct time frames i.e., pre-pandemic, 

the first wave, and the second wave of the pandemic are given in Table 7. For instance, 

the probability estimate of 0.6832 represents posterior probability of optimism for Class 

1 respondents. The detailed results are given in the Annex. 

The optimism about general economic conditions (before the pandemic) wore 

off rapidly during the first wave (May and July 2020) and continued to remain 

depressed during the second wave (May and July 2021). The first shock of the 

pandemic was less anticipated. The optimistic respondents from pre-pandemic time, 

adjusted their outlook to the worsening economic conditions. The impact of the second 

wave intensified the pessimism even further. Here, it must be remembered that the 

heterogeneous classes are differently estimated for each time period and hence are 

not exactly comparable in nature. 

Contrary to their perception about current economic conditions, the outlook of 

the consumers about the economic conditions remained mostly positive during the first 

wave of COVID-19. The economic outlook remained upbeat across three of the four 

latent classes during the first wave. The optimism was revised downwards with the 

spread of the Delta variant (Table 7). 

class 1 class 2 class 3 class 4 class 1 class 2 class 3 class 4

During Pre-COVID-19 Period 0.2126 0.2866 0.1975 0.3032 0.2143 0.2836 0.2054 0.2967

During 1
st

 Wave of COVID-19 0.4198 0.1795 0.1538 0.2469 0.4085 0.184 0.1583 0.2492

During 2
nd

 Wave of COVID-19 0.1749 0.3425 0.1611 0.3216 0.1916 0.3382 0.1604 0.3098

Time Frame

Predicted Class Memberships 

(By Modal Posterior 

Probabilities)

Estimated Class Population 

Shares
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Table 7: Posterior Probability of Perception and Outlook 
on General Economic Conditions 

  Perception Outlook 

  Pr(1) Pr(2) Pr(3) Pr(1) Pr(2) Pr(3) 

  During Pre-COVID-19 Period 

Class 1 0.6832 0.1815 0.1353 0.9483 0.0373 0.0144 

Class 2 0.0740 0.0884 0.8375 0.2248 0.0975 0.6777 

Class 3 0.1769 0.5268 0.2963 0.3204 0.5575 0.1221 

Class 4 0.5971 0.2247 0.1782 0.9141 0.0617 0.0242 

  During 1st Wave of COVID-19 

Class 1 0.0309 0.0525 0.9166 0.0740 0.0759 0.8501 

Class 2 0.0547 0.0325 0.9128 0.7459 0.0992 0.1549 

Class 3 0.2453 0.1934 0.5613 0.5175 0.1694 0.3131 

Class 4 0.2800 0.1996 0.5204 0.6839 0.1461 0.1700 

       During 2nd Wave of COVID-19 

Class 1 0.0583 0.2926 0.6491 0.2389 0.4794 0.2816 

Class 2 0.0167 0.0251 0.9582 0.0693 0.0548 0.8759 

Class 3 0.0107 0.0458 0.9435 0.1712 0.1728 0.6560 

Class 4 0.1968 0.1580 0.6452 0.8655 0.0558 0.0787 
 

Note: Posterior response probabilities of respondents in each latent class providing an 
optimistic (choice of option equal to increased/improved/ will increase), neutral (choice of 
option equal to remained same/ will remain same) or pessimistic (choice of option equal to 
decreased/worsened/ will decrease) response to the indicator variables are represented as 
Pr(1), Pr(2) and Pr(3), respectively. 
Sources: Consumer Confidence Surveys (CCS) of RBI; and Authors’ calculation. 

The conditional item response probabilities of the general economic situation 

for current perception and one year ahead outlook have already been explained. Now, 

a pictorial representation (Chart 7) of the Class-4 model combining all the survey 

parameters across three different time frames of our interest will provide a holistic 

understanding how the representation of these classes changed during the first and 

the second wave of the pandemic. It has been described as ‘posterior net response’ 

(PNR) by the authors.   
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Chart 7: Posterior Probabilities of the Survey Parameters 

 
Note: Description of the parameters - A to N - as seen in the chart is provided as a part of the 
'Models' under chapter IV (Methodology/ Framework). 
Sources: Consumer Confidence Surveys (CCS) of RBI; and Authors’ calculation. 

V.5 Posterior Net Response  

The posterior perception of latent classes about household income, spending, 

employment and general prices are analysed next. Using the posterior estimates of 

each latent class under each response category, the posterior net response (PNR) is 

defined by netting out the posterior probability of negative responses from posterior 

probability of positive response14, i.e., net pessimism or net optimism depending on its 

sign, which varies between (-1) to (+1). For instance, if the posterior probability of 

improvement in household income is 0.7 and posterior probability of deterioration of 

household income is 0.1 (i.e., probability of income remains same being 0.2), the net 

response of perception of household income will be 0.7 - 0.1 = 0.6. One can, therefore, 

interpret positive PNR as upbeat/ optimism about the response category. 

     𝑃𝑁𝑅𝑖 =  𝑃𝑖,+
𝑃𝑜𝑠𝑡 − 𝑃𝑖,−

𝑃𝑜𝑠𝑡 … … … … … … … … … … … … … … … … … … … … … … … … (𝐸𝑞 3)  

With this background, the PNR for perception of current and outlook about future 

income across the four latent classes are derived.  

                                                
14 Here, the net response is not weighted as the posterior probabilities can be treated as perception of a 

representative household in each latent class. Hence, the posterior net response should be viewed as a net response 

of the representative household, rather than the response of all households belonging to the latent class. 
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The confidence among the consumers regarding the general economic situation 

weakened during the first wave of pandemic and worsened further during the second 

wave (Table 7 and Chart 8). On the other hand, the general economic outlook, though 

weakened a bit during the first wave, its weakening intensified further during the 

second wave. 

Chart 8: Posterior Net Response (PNR) of Latent Classes  
about Economic Situation 

 

Sources: Consumer Confidence Surveys (CCS) of RBI; and Authors’ calculation. 

The pessimism in household income intensified during the first wave of 

pandemic and remained at almost similar level during the second wave. The upbeat 

about future income from pre-pandemic time also ebbed across classes. However, 

unlike the current income scenario, some latent classes maintained their positive 

outlook about improvement in future income during the first wave. The optimism 

marginalised across the majority of latent classes during the second wave (Refer to 

Chart 9). 

Chart 9: Posterior Net Response (PNR) of Latent Classes  
about Household Income 

 

Sources: Consumer Confidence Surveys (CCS) of RBI; and Authors’ calculation. 
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The perception about current household spending changed drastically during 

May – July, 2020 compared to the corresponding period in 2019. The unprecedented 

impact of the pandemic during its first wave restricted spending patterns across latent 

classes. As households were unprepared at the time of the first wave, the spending 

cut along with reduced income perception, plausibly indicated precautionary savings.  

During the second wave, perception on spending somewhat improved for most 

classes. The precautionary saving by cutting spending was an optimal strategy for 

latent Class 3 (Chart 10). 

Chart 10: Posterior Net Response (PNR) of Latent Classes  
about Household Spending 

 
 Sources: Consumer Confidence Surveys (CCS) of RBI; and Authors’ calculation. 

Perception about employment conditions deteriorated during the first and the 

second wave as compared to the pre-pandemic period. The PNR remained negative 

across all latent classes during May-July 2020 and 2021. The marginal optimism about 

improvement in employment conditions turned into severe pessimism during the first 

wave period as lockdown restricted economic activities across places resulting in job 

losses.  

The pessimism about employment perception persisted during the second 

wave. However, unlike the current perception, the outlook about future employment 

conditions remained mixed across latent classes during the first wave of the pandemic. 

Majority of latent classes anticipated improvement in employment conditions, 

indicating that the respondents viewed the pandemic to be transitory. However, during 

the second wave, most latent classes revised their future outlook downwards. This 

revision was a reflection that respondents began to realise that the pandemic was here 

to stay (Chart 11).  
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Chart 11: Posterior Net Response (PNR) of Latent Classes about Employment 

 

Sources: Consumer Confidence Surveys (CCS) of RBI; and Authors’ calculation. 

Lastly, we analyse the PNR about current and future price levels. Here, PNR is 

defined by netting out the posterior probability of positive responses from posterior 

probability of negative response as increase in prices is inflationary and considered as 

a negative sentiment. Besides, a negative net response about price level indicates 

inflationary outlook and hence is a concern for the monetary policy.  

Households' inflation expectations indicate whether the long-term expectations 

are well-anchored to the inflation target. The perception about price level remained net 

negative before the pandemic. The perception about current price level did not change 

much during the first wave of pandemic but the inflationary perception from current 

price level elevated across all latent classes during the second wave. The outlook 

about future price level, however, remained mixed across latent classes during the 

first and the second wave. The change in the respondents’ perception about the 

current price level during the second wave of the pandemic and moderation of the 

future spending demand outlook mirror the effect of supply chain bottlenecks (Chart 

12). 

Chart 12: Posterior Net Response (PNR) of Latent Classes about Price Level 

 

Sources: Consumer Confidence Surveys (CCS) of RBI; and Authors’ calculation. 
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VI. Economic Implications 

This pandemic was a once-in-a-lifetime event and took the households by 

surprise. During abnormal times, consumers’ perception becomes pessimistic 

regardless of their socioeconomic status. Multiple waves made consumers even more 

pessimistic leaving little room for policy to turn around such sentiments.  

The paper observed heterogeneity in respondents’ assessment and 

expectations about the five macroeconomic parameters. Households from the 

optimistic latent classes had positive posterior net response (PNR) about the 

economic conditions, employment and income scenario during the pre-pandemic 

period. Latent Class-1 and 4 were optimistic about their assessment of overall 

economic conditions, whereas, Class-2 and 3 respondents had a pessimistic 

assessment during the pre-pandemic period (refer to first part of Table 8). Latent 

Class-2 represented homemakers with lower income level, whereas Class-3 

represented unemployed/ students coming from lower tail of income distribution.  

During the first wave, all latent classes experienced weakening in the current 

economic activities. Class-1 and 2 respondents showed greater pessimism in current 

economic assessment, while Class-3 and 4 respondents were less pessimistic. Class-

1 mainly comprised homemakers and unemployed/ students from all income groups 

whereas Class-2 had pensioners/ retired respondents from all income groups. These 

respondents expressed concerns about deterioration in employment conditions and 

real income loss against the backdrop of rising price levels. Between these two 

classes, pensioners/ retired respondents possibly resorted to spending cuts to cope 

with the economic downturn. On the other hand, Class-3 respondents were salaried 

and students/ unemployed persons belonging to high-income brackets. These 

respondents expected less income employment conditions (refer to the middle part of 

Table 8).  

Lastly, all latent classes expected an economic downturn during the second 

wave of the pandemic. However, unlike the first wave, all classes started aligning their 

assessment about current economic conditions during this wave. Class-2 and 3 

demonstrated the worst slowdown in current economic conditions, whereas Class-1 

and 4 respondents were relatively optimistic.  

The estimates of odds ratio from this episode revealed that self-employed/ 

business owners at the lowest income level had a greater likelihood of being in Class-

2. Class-3 composed of self-employed/ business owners, homemakers, and 

unemployed/ students with relatively higher income levels. Class-1 respondents are 

self-employed/ business owners with middle-income and higher-income levels.  
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The larger pessimism of Class-2 was driven by severe contraction in income 

and employment conditions with an increased spending and higher inflation 

assessment. Class-3 respondents expected greater income loss and loss of 

employment, but they were less inclined to spending cuts contrary to Class-2 

respondents. The less pessimistic respondents from Class-1 and 4 expected lower 

income loss and relatively better employment conditions. All four latent classes 

expressed concerns about elevated price levels (Refer to last part of Table 8). 

Table 8: Posterior Net Response across All Response Categories about 
Current Perception 

   

Classes 
Membership 
Probability 

GES Income Spending Employment 
Price 
level 

    During Pre-COVID-19 Period 

Class 1 0.2126 0.55 0.10 0.20 0.43 -0.42 

Class 2 0.2866 -0.76 -0.20 0.77 -0.82 -0.93 

Class 3 0.1975 -0.12 -0.07 0.63 -0.34 -0.79 

Class 4 0.3032 0.42 0.36 0.93 0.31 -0.88 

    During 1st Wave of COVID-19 

Class 1 0.4198 -0.89 -0.62 0.54 -0.87 -0.90 

Class 2 0.1795 -0.86 -0.86 -0.06 -0.77 -0.68 

Class 3 0.1538 -0.32 -0.36 -0.08 -0.23 -0.44 

Class 4 0.2469 -0.24 -0.03 0.70 -0.14 -0.79 

    During 2nd Wave of COVID-19 

Class 1 0.1749 -0.59 -0.32 0.44 -0.63 -0.87 

Class 2 0.3425 -0.94 -0.66 0.70 -0.96 -0.98 

Class 3 0.1611 -0.93 -0.84 -0.55 -0.89 -0.86 

Class 4 0.3216 -0.45 -0.41 0.26 -0.41 -0.87 

Sources: Consumer Confidence Surveys (CCS) of RBI; and Authors’ calculation. 

In general, households were seen to be optimistic about the future, despite a 

little distress in the present conditions. During the pre-pandemic period, the optimism 

about outlook was fueled by better employment and income conditions in the future. 

Most optimistic households, i.e., Class-1 and 4 were upbeat about the future economic 

conditions supported by better income, employment and spending. Hence, their 

outlook about price expectations was likely to have been driven both by the demand 

and cost factors (Refer to first part of Table 9). 

As the pandemic started, around 42 per cent of households classified under 

Class-1 (comprising homemakers and unemployed/ students) became pessimistic 

about economic conditions mostly due to higher price expectations, and increased 

spending coupled with low income and weak employment conditions. The other latent 

classes remained upbeat about future economic recovery.  

Class-2 and 4 respondents expected recovery in income and employment 

conditions to a greater extent. Lastly, Class-3 respondents demonstrated a moderate 
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recovery in overall economic conditions fueled by improvement in income and 

employment along with maintaining their spending pattern. The price level outlook 

remained high for Class-1 and 4, whereas Class 2 and 3 expected relatively lower 

price rise (Refer to middle part of Table 9). 

Table 9: Posterior Net Response across All Response Categories  

about Future Outlook 

Classes 
Membership 
Probability 

GES Income Spending Employment 
Price 
level 

    During Pre-COVID-19 Period 

Class 1 0.2126 0.93 0.64 0.44 0.91 -0.16 

Class 2 0.2866 -0.45 0.27 0.75 -0.49 -0.81 

Class 3 0.1975 0.20 0.31 0.68 0.10 -0.68 

Class 4 0.3032 0.89 0.78 0.94 0.87 -0.71 

    During 1st Wave of COVID-19 

Class 1 0.4198 -0.78 -0.10 0.55 -0.71 -0.84 

Class 2 0.1795 0.59 0.49 0.47 0.68 -0.43 

Class 3 0.1538 0.20 0.16 0.08 0.26 -0.38 

Class 4 0.2469 0.51 0.60 0.82 0.58 -0.64 

    During 2nd Wave of COVID-19 

Class 1 0.1749 -0.04 0.32 0.53 -0.02 -0.61 

Class 2 0.3425 -0.81 0.03 0.73 -0.77 -0.88 

Class 3 0.1611 -0.48 0.00 -0.09 -0.38 -0.63 

Class 4 0.3216 0.79 0.69 0.60 0.86 -0.33 

Sources: Consumer Confidence Surveys (CCS) of RBI; and Authors’ calculation. 

During the second wave, the expectations on economic recovery faded across 

all latent classes; 70 per cent of households turned pessimistic. Among these latent 

classes, Class-1 respondents displayed no improvement in overall economic 

conditions, and they remained indecisive about any improvement in employment 

conditions with elevated levels of future spending. Class-2 respondents faced greater 

threats from future employment conditions and higher spending levels with no 

significant increase in income level. Class-3 expected worsening of employment 

conditions with no income growth. Unlike the other three classes, Class-4 remained 

optimistic about future economic recovery, fueled by their outlook on better 

employment and better income with an increase in spending. The future price level 

remained a source of concern for all latent classes (Refer to last part of Table 9). 

The gradual alignment of economic assessment and outlook across various 

latent classes suggested learning by households as the pandemic progressed. 

According to the concept of bounded rationality, economic agents use learning models 

for their expectations and hence, they insure themselves from future covariate shocks 

by cutting consumption spending and focusing on greater saving.  
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As the pandemic increased uncertainty about the future economic recovery, 

consumers resorted to spending cuts. In this situation, a sound forward guidance with 

a promise of a low yield environment - which also followed RBI's policy action in this 

matter – was expected to lower precautionary savings and enhance consumption 

driven growth (Acharya et al., 2020). Precautionary saving may lower the inflationary 

risk, providing better policy space for the central bank. However, elevated uncertainty 

can dampen the effectiveness of central bank’s forward guidance, leading to forward 

guidance puzzle (Negro et al., 2015).  

Moreover, respondents’ perception about the duration of the pandemic also 

played a role in deciding their response. Following the Delta variant, consumers began 

to consider the pandemic shock to be a persistent one. Therefore, consumers 

maintained their stance on consumption patterns, and hence, timely forward guidance 

from the central bank towards a gradual and calibrated normalisation spurred 

economic recovery. Further, lower cost of borrowings was expected to spur 

investments and employment. Nonetheless, downside risks remained from supply 

chain bottlenecks. Households’ perception about current price level elevated inflation 

risk during the second wave. Higher inflation expectations and benign consumption 

demand can affect economic recovery. Coordinated and calibrated fiscal and 

monetary policy measures can help in achieving economic recovery at a faster pace. 

 

VII. Conclusion 

Forward-looking surveys provide important insights on households’ 

expectations about the future, and hence are useful to policy. However, these 

expectations, being influenced by the information available to individual households, 

are often found to be heterogeneous in nature.  

In this paper, the hidden heterogeneity in household responses is unearthed 

using LCA. The paper classifies households into four latent classes using city, i.e., the 

survey centres; annual income of the households; occupation category of the 

respondents; and time, (i.e., survey rounds relating to peak periods of the first two 

COVID-19 waves), as grouping variables. Using these classes, the paper analyses 

the response pattern on overall economic situation, income, spending, employment, 

and general price level.  

The perception about current economic conditions remained pessimistic 

whereas the outlook remained relatively upbeat across latent classes. The current 

income perception deteriorated across all latent classes, though, outlook about 

household income remained buoyant for some latent classes. The spending 

perception was influenced by generic price pressures and precautionary savings. The 
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spending perception improved during the second wave of the pandemic but remained 

subdued compared to the pre-pandemic period. The outlook on future spending was 

similar.  

The employment situation worsened over the first and second waves. The 

outlook about future employment remained positive for some latent classes during the 

first wave but moved to the pessimistic territory during the second wave. Lastly, the 

perception about prices suggested higher inflation expectations during the second 

wave, and for the year-ahead outlook.  
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Annex: Coefficient Estimates 

 

For Period: May and July 2019  

Conditional Item Response (Column) Probabilities,  
by Outcome Variable, for Each Class (Row) 

$A Pr(1) Pr(2) Pr(3)   

Class 1 0.6832 0.1815 0.1353   

Class 2 0.0740 0.0884 0.8375   

Class 3 0.1769 0.5268 0.2963   

Class 4 0.5971 0.2247 0.1782   

    

$B Pr(1) Pr(2) Pr(3)   

Class 1 0.9483 0.0373 0.0144   

Class 2 0.2248 0.0975 0.6777   

Class 3 0.3204 0.5575 0.1221   

Class 4 0.9141 0.0617 0.0242   

    

$C Pr(1) Pr(2) Pr(3)   

Class 1 0.2585 0.5790 0.1625   

Class 2 0.2042 0.3913 0.4045   

Class 3 0.1213 0.6860 0.1928   

Class 4 0.4566 0.4425 0.1008   

    

$D Pr(1) Pr(2) Pr(3)   

Class 1 0.6666 0.3025 0.0308   

Class 2 0.4336 0.4037 0.1627   

Class 3 0.3373 0.6350 0.0277   

Class 4 0.7956 0.1845 0.0200   

    

$E Pr(1) Pr(2) Pr(3)   

Class 1 0.2709 0.6631 0.0660   

Class 2 0.8155 0.1351 0.0493   

Class 3 0.6476 0.3342 0.0182   

Class 4 0.9410 0.0519 0.0071   

    

$F Pr(1) Pr(2) Pr(3)   

Class 1 0.4988 0.4417 0.0595   

Class 2 0.7967 0.1584 0.0449   

Class 3 0.6892 0.3048 0.0060   

Class 4 0.9530 0.0346 0.0124   

    

$K Pr(1) Pr(2) Pr(3)   

Class 1 0.6069 0.2148 0.1783   

Class 2 0.0511 0.0744 0.8746   

Class 3 0.1134 0.4357 0.4508   

Class 4 0.5485 0.2148 0.2366   

    

$L Pr(1) Pr(2) Pr(3)   

Class 1 0.9305 0.0521 0.0174   

Class 2 0.1906 0.1335 0.6759   
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Class 3 0.2917 0.5151 0.1932   

Class 4 0.8987 0.0701 0.0312   

    

$M Pr(1) Pr(2) Pr(3)   

Class 1 0.5362 0.3488 0.1151   

Class 2 0.9481 0.0357 0.0163   

Class 3 0.8103 0.1719 0.0177   

Class 4 0.8976 0.0848 0.0176   

    

$N Pr(1) Pr(2) Pr(3)   

Class 1 0.4056 0.3481 0.2463   

Class 2 0.8685 0.0736 0.0579   

Class 3 0.7128 0.2574 0.0298   

Class 4 0.8135 0.0862 0.1002   

          

Estimated Class Population Shares 0.2143 0.2836 0.2054 0.2967 

Predicted Class Memberships (By Modal 
Posterior Probability) 

0.2126 0.2866 0.1975 0.3032 

     

======================================================   

Fit for 4 latent classes:         

======================================================   

2 / 1         

  Coefficient Std. error t value Pr(>|t|) 

(Intercept) -5.69191 1.05303 -5.405 0.000 

City: Bengaluru 0.63827 0.15753 4.052 0.000 

City: Bhopal 1.80011 0.24949 7.215 0.000 

City: Chennai 3.42869 0.25503 13.444 0.000 

City: Delhi 1.04831 0.15821 6.626 0.000 

City: Guwahati -0.63625 0.36967 -1.721 0.085 

City: Hyderabad 2.74759 0.33689 8.156 0.000 

City: Jaipur 1.56115 0.21935 7.117 0.000 

City: Kolkata 3.30223 0.19939 16.562 0.000 

City: Lucknow -0.27330 0.23193 -1.178 0.239 

City: Mumbai 1.63289 0.15683 10.412 0.000 

City: Patna 0.43710 0.27518 1.588 0.112 

City: Trivandrum 1.00959 0.25993 3.884 0.000 

Income: Rs.1 Lakh to Less than Rs.3 Lakh -0.46693 0.07869 -5.934 0.000 

Income: Rs.3 Lakh to Less than Rs.5 Lakh -0.81627 0.14225 -5.738 0.000 

Income: Rs.5 Lakh or More -1.12710 0.19978 -5.642 0.000 

Occupation: Employed (Salaried) -0.11523 0.13634 -0.845 0.398 

Occupation: Homemaker 0.16777 0.12748 1.316 0.188 

Occupation: Retired/ Pensioners -0.01554 0.18391 -0.084 0.933 

Occupation: Self Employed/ Business -0.04785 0.13326 -0.359 0.720 

Occupation: Unemployed/ Students 0.02608 0.16319 0.160 0.873 

Time 0.33567 0.07148 4.696 0.000 

=====================================================   

3 / 1         

  Coefficient Std. error t value Pr(>|t|) 

(Intercept) -2.22164 1.16651 -1.905 0.057 

City: Bengaluru 0.09854 0.17181 0.574 0.566 

City: Bhopal -0.08675 0.41813 -0.207 0.836 

City: Chennai 2.31956 0.27421 8.459 0.000 
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City: Delhi 1.03241 0.16388 6.300 0.000 

City: Guwahati -0.06033 0.28525 -0.211 0.833 

City: Hyderabad 3.50865 0.33309 10.534 0.000 

City: Jaipur 0.81631 0.25629 3.185 0.001 

City: Kolkata 1.94949 0.22087 8.826 0.000 

City: Lucknow 0.03273 0.21449 0.153 0.879 

City: Mumbai 0.58940 0.17480 3.372 0.001 

City: Patna -0.49621 0.41318 -1.201 0.230 

City: Trivandrum 0.38416 0.30311 1.267 0.205 

Income: Rs.1 Lakh to Less than Rs.3 Lakh 0.00560 0.08913 0.063 0.950 

Income: Rs.3 Lakh to Less than Rs.5 Lakh -0.25440 0.15077 -1.687 0.092 

Income: Rs.5 Lakh or More -0.52694 0.21478 -2.453 0.014 

Occupation: Employed (Salaried) 0.19748 0.15271 1.293 0.196 

Occupation: Homemaker 0.29845 0.14530 2.054 0.040 

Occupation: Retired/ Pensioners 0.05502 0.20315 0.271 0.787 

Occupation: Self Employed/ Business -0.20861 0.15487 -1.347 0.178 

Occupation: Unemployed/ Students 0.16718 0.18580 0.900 0.368 

Time 0.08924 0.07945 1.123 0.261 

=====================================================   

4 / 1         

  Coefficient Std. error t value Pr(>|t|) 

(Intercept) -2.60372 1.10690 -2.352 0.019 

City: Bengaluru -0.19961 0.15371 -1.299 0.194 

City: Bhopal 1.38879 0.25203 5.510 0.000 

City: Chennai 1.52419 0.27036 5.638 0.000 

City: Delhi 0.50367 0.15237 3.306 0.001 

City: Guwahati 0.10091 0.24535 0.411 0.681 

City: Hyderabad 3.58375 0.32098 11.165 0.000 

City: Jaipur 1.11995 0.22335 5.014 0.000 

City: Kolkata 1.59600 0.20729 7.700 0.000 

City: Lucknow -0.39752 0.21408 -1.857 0.063 

City: Mumbai 0.94307 0.14984 6.294 0.000 

City: Patna 0.84722 0.23840 3.554 0.000 

City: Trivandrum 0.08953 0.28347 0.316 0.752 

Income: Rs.1 Lakh to Less than Rs.3 Lakh 0.03753 0.08438 0.445 0.656 

Income: Rs.3 Lakh to Less than Rs.5 Lakh -0.16725 0.14390 -1.162 0.245 

Income: Rs.5 Lakh or More -0.19963 0.19873 -1.005 0.315 

Occupation: Employed (Salaried) 0.54409 0.14746 3.690 0.000 

Occupation: Homemaker 0.49080 0.14197 3.457 0.001 

Occupation: Retired/ Pensioners -0.72401 0.24261 -2.984 0.003 

Occupation: Self Employed/ Business -0.19746 0.15184 -1.300 0.193 

Occupation: Unemployed/ Students 0.59107 0.17425 3.392 0.001 

Time 0.13428 0.07528 1.784 0.075 

  

Number of Observations: 10596       

Number of Estimated Parameters: 146       

Residual Degrees of Freedom: 10450       

Maximum log-likelihood: -82218.17       

  

AIC(4): 164728.3       

BIC(4): 165789.5       

X^2(4): 225988 (Chi-square goodness of fit) 
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For Period: May and July 2020 

Conditional Item Response (Column) Probabilities, 
by Outcome Variable, for Each Class (Row) 

 

$A Pr(1) Pr(2) Pr(3)   

Class 1 0.0309 0.0525 0.9166   

Class 2 0.0547 0.0325 0.9128   

Class 3 0.2453 0.1934 0.5613   

Class 4 0.2800 0.1996 0.5204   

    

$B Pr(1) Pr(2) Pr(3)   

Class 1 0.0740 0.0759 0.8501   

Class 2 0.7459 0.0992 0.1549   

Class 3 0.5175 0.1694 0.3131   

Class 4 0.6839 0.1461 0.1700   

    

$C Pr(1) Pr(2) Pr(3)   

Class 1 0.0629 0.2527 0.6844   

Class 2 0.0303 0.0777 0.8920   

Class 3 0.0691 0.5016 0.4293   

Class 4 0.2495 0.4708 0.2796   

    

$D Pr(1) Pr(2) Pr(3)   

Class 1 0.2378 0.4220 0.3402   

Class 2 0.6046 0.2845 0.1108   

Class 3 0.3092 0.5384 0.1523   

Class 4 0.6340 0.3275 0.0386   

    

$E Pr(1) Pr(2) Pr(3)   

Class 1 0.6610 0.2142 0.1249   

Class 2 0.3320 0.2796 0.3884   

Class 3 0.0394 0.8389 0.1217   

Class 4 0.7357 0.2275 0.0368   

    

$F Pr(1) Pr(2) Pr(3)   

Class 1 0.6644 0.2162 0.1194   

Class 2 0.6075 0.2574 0.1351   

Class 3 0.1910 0.6997 0.1093   

Class 4 0.8382 0.1390 0.0228   

    

$K Pr(1) Pr(2) Pr(3)   

Class 1 0.0369 0.0565 0.9066   

Class 2 0.0921 0.0474 0.8605   

Class 3 0.2957 0.1792 0.5251   

Class 4 0.3297 0.2050 0.4654   

    

$L Pr(1) Pr(2) Pr(3)   

Class 1 0.0988 0.0936 0.8077   

Class 2 0.7883 0.1059 0.1057   

Class 3 0.5493 0.1650 0.2857   

Class 4 0.7148 0.1519 0.1333   
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$M Pr(1) Pr(2) Pr(3)   

Class 1 0.9109 0.0763 0.0128   

Class 2 0.7510 0.1820 0.0670   

Class 3 0.5024 0.4355 0.0621   

Class 4 0.8201 0.1507 0.0292   

    

$N Pr(1) Pr(2) Pr(3)   

Class 1 0.8822 0.0723 0.0454   

Class 2 0.6224 0.1848 0.1928   

Class 3 0.4854 0.4064 0.1083   

Class 4 0.7433 0.1513 0.1054   

          

Estimated Class Population Shares 0.4085 0.1840 0.1583 0.2492 

Predicted Class Memberships  
(By Modal Posterior Probability) 

0.4198 0.1795 0.1538 0.2469 

          

======================================================   

Fit for 4 latent classes:         

======================================================   

2 / 1         

  Coefficient Std. error t value Pr(>|t|) 

(Intercept) -19.91589 1.66578 -11.956 0.000 

City: Bengaluru -1.76388 0.20395 -8.648 0.000 

City: Bhopal 0.13541 0.21014 0.644 0.519 

City: Chennai -1.10202 0.19710 -5.591 0.000 

City: Delhi -0.04303 0.14959 -0.288 0.774 

City: Guwahati -0.03763 0.29537 -0.127 0.899 

City: Hyderabad -1.60088 0.25297 -6.328 0.000 

City: Jaipur -0.52005 0.20711 -2.511 0.012 

City: Kolkata -14.16527 0.00017 -81774.609 0.000 

City: Lucknow 0.45657 0.23896 1.911 0.056 

City: Mumbai -0.18257 0.15108 -1.208 0.227 

City: Patna 0.18324 0.31427 0.583 0.560 

City: Trivandrum -1.02838 0.32340 -3.180 0.001 

Income: Rs.1 Lakh to Less than Rs.3 Lakh -0.03253 0.08599 -0.378 0.705 

Income: Rs.3 Lakh to Less than Rs.5 Lakh -0.13487 0.14407 -0.936 0.349 

Income: Rs.5 Lakh or More 0.07326 0.20219 0.362 0.717 

Occupation: Employed (Salaried) -0.12020 0.13622 -0.882 0.378 

Occupation: Homemaker -0.00627 0.13186 -0.048 0.962 

Occupation: Retired/ Pensioners -0.39081 0.24889 -1.570 0.116 

Occupation: Self Employed/ Business 0.07540 0.13304 0.567 0.571 

Occupation: Unemployed/ Students -0.21974 0.17095 -1.285 0.199 

Time 0.96792 0.08063 12.004 0.000 

======================================================   

3 / 1         

  Coefficient Std. error t value Pr(>|t|) 

(Intercept) -5.73219 1.56501 -3.663 0.000 

City: Bengaluru -0.06432 0.14798 -0.435 0.664 

City: Bhopal -1.94318 0.44296 -4.387 0.000 

City: Chennai -1.37008 0.20564 -6.662 0.000 

City: Delhi -0.69139 0.16235 -4.259 0.000 

City: Guwahati -0.44171 0.34798 -1.269 0.204 
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City: Hyderabad -1.00926 0.19936 -5.063 0.000 

City: Jaipur -1.04381 0.24676 -4.230 0.000 

City: Kolkata -2.01558 0.18390 -10.960 0.000 

City: Lucknow 0.64798 0.22933 2.826 0.005 

City: Mumbai -1.14934 0.17224 -6.673 0.000 

City: Patna -0.22697 0.33594 -0.676 0.499 

City: Trivandrum -0.89031 0.30404 -2.928 0.003 

Income Rs.1 to less than Rs.3 lakh -0.01310 0.08340 -0.157 0.875 

Income Rs.3 lakh to Rs.5 lakh 0.11251 0.14156 0.795 0.427 

Income Rs.5 lakh or more 0.30237 0.19833 1.525 0.127 

Occupation Employed 0.26940 0.14445 1.865 0.062 

Occupation Homemaker 0.30990 0.14131 2.193 0.028 

Occupation Retired/Pensioners 0.78033 0.19093 4.087 0.000 

Occupation Self Employed/Business 0.17165 0.14775 1.162 0.245 

Occupation Unemployed 0.47221 0.17377 2.717 0.007 

Time 0.25689 0.07622 3.370 0.001 

======================================================   

4 / 1         

  Coefficient Std. error t value Pr(>|t|) 

(Intercept) -0.71759 1.34933 -0.532 0.595 

City: Bengaluru -1.36612 0.18663 -7.320 0.000 

City: Bhopal -0.32675 0.25118 -1.301 0.193 

City: Chennai -0.17927 0.17232 -1.040 0.298 

City: Delhi 0.10939 0.15188 0.720 0.471 

City: Guwahati 0.70441 0.25850 2.725 0.006 

City: Hyderabad 0.79668 0.16103 4.947 0.000 

City: Jaipur -0.56713 0.22477 -2.523 0.012 

City: Kolkata -1.01923 0.16216 -6.285 0.000 

City: Lucknow 0.94582 0.22455 4.212 0.000 

City: Mumbai -0.22980 0.15339 -1.498 0.134 

City: Patna 0.93597 0.26696 3.506 0.000 

City: Trivandrum -0.48643 0.28094 -1.731 0.083 

Income Rs.1 to less than Rs.3 lakh 0.03957 0.07128 0.555 0.579 

Income Rs.3 lakh to Rs.5 lakh 0.19762 0.11566 1.709 0.088 

Income Rs.5 lakh or more 0.43065 0.16064 2.681 0.007 

Occupation Employed 0.58127 0.11663 4.984 0.000 

Occupation Homemaker 0.30673 0.11818 2.595 0.009 

Occupation Retired/Pensioners 0.04094 0.19165 0.214 0.831 

Occupation Self Employed/Business -0.02310 0.12165 -0.190 0.849 

Occupation Unemployed 0.74503 0.13699 5.439 0.000 

Time 0.00144 0.06576 0.022 0.983 

  

Number of Observations: 10642       

Number of Estimated Parameters: 146       

Residual Degrees of Freedom: 10496       

Maximum log-likelihood: -85663.63       

  

AIC(4): 171619.3       

BIC(4): 172681.1       

X^2(4): 329393.4 (Chi-square goodness of fit) 
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For Period: May and July 2021 

Conditional Item Response (Column) Probabilities, 

by Outcome Variable, for Each Class (Row) 

   

$A Pr(1) Pr(2) Pr(3)   

Class 1 0.0583 0.2926 0.6491   

Class 2 0.0167 0.0251 0.9582   

Class 3 0.0107 0.0458 0.9435   

Class 4 0.1968 0.1580 0.6452   

    

$B Pr(1) Pr(2) Pr(3)   

Class 1 0.2389 0.4794 0.2816   

Class 2 0.0693 0.0548 0.8759   

Class 3 0.1712 0.1728 0.6560   

Class 4 0.8655 0.0558 0.0787   

    

$C Pr(1) Pr(2) Pr(3)   

Class 1 0.0738 0.5371 0.3892   

Class 2 0.0591 0.2175 0.7234   

Class 3 0.0060 0.1497 0.8443   

Class 4 0.1318 0.3268 0.5414   

    

$D Pr(1) Pr(2) Pr(3)   

Class 1 0.3541 0.6074 0.0385   

Class 2 0.2932 0.4483 0.2585   

Class 3 0.2576 0.4876 0.2548   

Class 4 0.7310 0.2326 0.0364   

    

$E Pr(1) Pr(2) Pr(3)   

Class 1 0.5003 0.4392 0.0605   

Class 2 0.7879 0.1249 0.0871   

Class 3 0.0200 0.4083 0.5717   

Class 4 0.4740 0.3151 0.2109   

    

$F Pr(1) Pr(2) Pr(3)   

Class 1 0.5625 0.4003 0.0372   

Class 2 0.7896 0.1489 0.0614   

Class 3 0.1810 0.5468 0.2722   

Class 4 0.6745 0.2522 0.0733   

    

$K Pr(1) Pr(2) Pr(3)   

Class 1 0.0543 0.2596 0.6861   

Class 2 0.0081 0.0228 0.9692   

Class 3 0.0250 0.0602 0.9148   

Class 4 0.2265 0.1401 0.6335   

    

$L Pr(1) Pr(2) Pr(3)   

Class 1 0.2450 0.4910 0.2641   

Class 2 0.0751 0.0765 0.8484   

Class 3 0.2151 0.1896 0.5953   

Class 4 0.9094 0.0404 0.0503   
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$M Pr(1) Pr(2) Pr(3)   

Class 1 0.8749 0.1191 0.0061   

Class 2 0.9840 0.0094 0.0066   

Class 3 0.8873 0.0822 0.0304   

Class 4 0.8902 0.0901 0.0197   

    

$N Pr(1) Pr(2) Pr(3)   

Class 1 0.6504 0.3081 0.0414   

Class 2 0.9154 0.0505 0.0341   

Class 3 0.7080 0.2159 0.0761   

Class 4 0.5755 0.1791 0.2454   

          

Estimated Class Population Shares 0.1916 0.3382 0.1604 0.3098 

Predicted Class Memberships  
(By Modal Posterior Probability) 

0.1749 0.3425 0.1611 0.3216 

          

=======================================================   

Fit for 4 latent classes:         

=======================================================   

2 / 1         

  Coefficient Std. error t value Pr(>|t|) 

(Intercept) 1.38430 2.04232 0.678 0.498 

City: Bengaluru 1.13834 0.20533 5.544 0.000 

City: Bhopal 1.50576 0.32238 4.671 0.000 

City: Chennai -1.15600 0.20963 -5.514 0.000 

City: Delhi 0.91286 0.17249 5.292 0.000 

City: Guwahati -1.02598 0.36290 -2.827 0.005 

City: Hyderabad -0.58940 0.17535 -3.361 0.001 

City: Jaipur 0.48487 0.23029 2.105 0.035 

City: Kolkata 1.14423 0.17905 6.391 0.000 

City: Lucknow -0.32701 0.24794 -1.319 0.187 

City: Mumbai -0.12494 0.16806 -0.743 0.457 

City: Patna 0.04210 0.31404 0.134 0.893 

City: Trivandrum -0.29049 0.30330 -0.958 0.338 

Income: Rs.1 Lakh to Less than Rs.3 Lakh -0.37293 0.08821 -4.228 0.000 

Income: Rs.3 Lakh to Less than Rs.5 Lakh -0.82205 0.14515 -5.663 0.000 

Income: Rs.5 Lakh or More -0.48876 0.20085 -2.433 0.015 

Occupation: Employed (Salaried) -0.93479 0.16765 -5.576 0.000 

Occupation: Homemaker -0.79886 0.16978 -4.705 0.000 

Occupation: Retired/ Pensioners -0.84371 0.23167 -3.642 0.000 

Occupation: Self Employed/ Business -0.21594 0.17459 -1.237 0.216 

Occupation: Unemployed/ Students -0.89091 0.19082 -4.669 0.000 

Time -0.00656 0.07687 -0.085 0.932 

=======================================================   

3 / 1         

  Coefficient Std. error t value Pr(>|t|) 

(Intercept) 4.17972 2.55159 1.638 0.101 

City: Bengaluru 2.02781 0.23551 8.610 0.000 

City: Bhopal 0.00197 0.50419 0.004 0.997 

City: Chennai -0.65474 0.24499 -2.673 0.008 

City: Delhi 0.79263 0.21265 3.727 0.000 

City: Guwahati -2.66652 1.62161 -1.644 0.100 
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City: Hyderabad -8.88007 0.00148 -5988.196 0.000 

City: Jaipur 0.40921 0.28569 1.432 0.152 

City: Kolkata -0.93219 0.30956 -3.011 0.003 

City: Lucknow 0.20912 0.29171 0.717 0.473 

City: Mumbai 0.54309 0.20029 2.712 0.007 

City: Patna -0.62309 0.45115 -1.381 0.167 

City: Trivandrum 0.01323 0.35390 0.037 0.970 

Income: Rs.1 Lakh to Less than Rs.3 Lakh -0.80857 0.10805 -7.483 0.000 

Income: Rs.3 Lakh to Less than Rs.5 Lakh -1.10302 0.18620 -5.924 0.000 

Income: Rs.5 Lakh or More -1.15059 0.29363 -3.919 0.000 

Occupation: Employed (Salaried) -0.68597 0.21129 -3.247 0.001 

Occupation: Homemaker -0.37820 0.21072 -1.795 0.073 

Occupation: Retired/ Pensioners -0.90913 0.32919 -2.762 0.006 

Occupation: Self Employed/ Business 0.20543 0.21821 0.941 0.346 

Occupation: Unemployed/ Students -0.33142 0.23507 -1.410 0.159 

Time -0.14242 0.09606 -1.483 0.138 

=======================================================   

4 / 1         

  Coefficient Std. error t value Pr(>|t|) 

(Intercept) -8.12035 2.04443 -3.972 0.000 

City: Bengaluru 0.30191 0.21067 1.433 0.152 

City: Bhopal 0.71959 0.32631 2.205 0.027 

City: Chennai -0.04302 0.16605 -0.259 0.796 

City: Delhi 0.30297 0.16711 1.813 0.070 

City: Guwahati 0.33192 0.24979 1.329 0.184 

City: Hyderabad -0.91835 0.16979 -5.409 0.000 

City: Jaipur -0.35261 0.24002 -1.469 0.142 

City: Kolkata -0.20522 0.18554 -1.106 0.269 

City: Lucknow -0.28784 0.23463 -1.227 0.220 

City: Mumbai 0.11091 0.15489 0.716 0.474 

City: Patna 0.20410 0.28581 0.714 0.475 

City: Trivandrum -0.06525 0.28425 -0.230 0.818 

Income: Rs.1 Lakh to Less than Rs.3 Lakh -0.34772 0.08726 -3.985 0.000 

Income: Rs.3 Lakh to Less than Rs.5 Lakh -0.36329 0.14038 -2.588 0.010 

Income: Rs.5 Lakh or More -0.13693 0.18790 -0.729 0.466 

Occupation: Employed (Salaried) -0.89149 0.16894 -5.277 0.000 

Occupation: Homemaker -0.62955 0.16959 -3.712 0.000 

Occupation: Retired/ Pensioners -0.85493 0.23642 -3.616 0.000 

Occupation: Self Employed/ Business -0.33490 0.17814 -1.880 0.060 

Occupation: Unemployed/ Students -0.64457 0.19184 -3.360 0.001 

Time 0.35752 0.07669 4.662 0.000 

  

Number of Observations: 10642       

Number of Estimated Parameters: 146       

Residual Degrees of Freedom: 10496       

Maximum log-likelihood: -79729.44       

  

AIC(4): 159750.9       

BIC(4): 160812.7       

X^2(4): 156789.9 (Chi-square goodness of fit) 

 


