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ABSTRACT
This study explores the determinants of disagreement in households’ belief on future
inflation. Households commonly show strong information rigidity as a consequence
of stickiness in their information update (Mankiw and Reis, 2002, 2006). This paper
contributes to the understanding of the formation of disagreement of the Indian
households by investigating the effects of - day to day purchasing experiences of
the agents, the intensity of news about inflation in the media, and central bank
transparency. We find the positive effects of their recent price experiences, media
influence, and inflation targeting on lowering the disagreement. Female and Young
people tend to exhibit stronger effects in comparison to their counterparts.
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1. Introduction
Since Milton Friedman’s famous presidential address to the American Economic Association in 1968, inflation expectation has been playing a prominent role in the analysis
of monetary policy. “How much expectations matter, whether they are adaptive or
rational, how quickly they respond to changes in the policy regime, and many related
issues have generated heated debate and numerous research studies” (Mankiw, Reis,
and Wolfers, 2004). Surprisingly, however, until around 2000, one obvious fact is routinely ignored that everyone does not have the same expectation. The reason for this
oversight is, till 90’s, the standard macroeconomic theory is dominated by the models
that assume economic agents form expectations rationally, i.e., all agents share the
same information set, and conditional on it they form expectations using the same
forecasting model. So everyone has the same expectation, and naturally, there is no
room for disagreement. However, with survey data gaining acceptance in the macroeconomics literature, pronounced time-variation in disagreement is considered to be a
stylized fact of the survey responses (cf. Mankiw et al. (2004), Capistran and Timmermann (2009), Dovern, Fritsche, and Slacalek (2012), Mokinski, Sheng, and Yang
(2015), Andrade, Crump, Eusepi, and Moench (2016), Brito, Carriere-Swallow, and
Gruss (2018)).
Mankiw et al. (2004), having noted that the disagreement is correlated with a
number of important macroeconomic variables, suggest that“disagreement may be a
key to macro-economic dynamics.” This view concurs well with the theoretical models
proposed by Lucas (1973) and Townsend (1983) where heterogeneity in agents’ beliefs
*Indian Institute of Management, Ahmedabad (IIMA)

play a key role. Recently, Falck, Hoffmann, and Hurtgen (2019) cite an empirical
evidence to demonstrate that the level of disagreement may have a strong moderating
effect on the outcome of a monetary policy decision. “A contractionary 100 bps U.S.
monetary policy shock leads to an increase in inflation and inflation expectations
of up to 0.7 percentage points in times of high disagreement, whereas in times of
low disagreement it leads to a significant decline in these variables of around 0.8
percentage points.” Thus, tightening monetary policy fails to generate the intended
effect of lowering inflation and inflation expectations when disagreement is high. Brito
et al. (2018) argue that recognizing the determinants of disagreement is important
because, “disagreement about the future may lead to misallocation of resources and
impose welfare costs, ... Second, disagreement about future inflation is thought to
provide a proxy for the degree to which inflation expectations are well anchored,
and is thus important for the conduct of monetary policy.” Further, in the recent
macroeconomics literature the theoretical models assuming agents with heterogeneous
beliefs are growing (Brock and Hommes (1997), Souleles (2004), Malmendier and
Nagel (2016), Armantier, Nelson, Topa, van der Klaauw, and Zafar (2016)). Empirical
properties of disagreement are crucial to confront such models. For efficient conduct
of monetary policy, it is, thus, important to recognize the plausible determinants of
disagreement, and also, to understand the process of disagreement formation.
As noted by Lamla and Maag (2012), on the empirical side, the literature on the
determinants of disagreement is relatively small and mostly centres on professional
disagreement.2 Most importantly, however, almost all studies on disagreement are
based on survey data from the developed economies. Disagreement being a manifestation of economic and social behaviour of the economic agents, the determinants of
disagreement and the process of its formation in a developing country like India may
be very different from what have been observed in the developed economies. The main
contribution of this paper is to bring this distinction into the fore. Our empirical findings based on IESH data3 , vindicate this presumption. For example, IESH data show
that disagreement is negatively correlated with inflation rate contrary to the findings4
in developed economies. This being a surprise finding, we offer an explanation by
invoking existing theories5 of expectation formation. More importantly, our empirical
findings suggest, as opposed to the changes in macroeconomic variables, the day to day
purchasing experiences of the agents, their idiosyncratic characteristics, the intensity
of media coverage of news about inflation, and inflation targeting by the central bank
2 See for example, Ciro and Zapata (2019), Brito et al. (2018), Oliveira and Curi (2016), Dovern et al. (2012),
Patton and Timmermann (2010), Capistran and Timmermann (2009), Lahiri and Sheng (2008), Batchelor
(2007), Fritsche and Döpke (2006), Giordani and Söderlind (2003) and references therein. For empirical research
on household disagreement, see Lyziak and Sheng (2018), Johannsen (2014), Badarinza and Gross (2012),
Badarinza and Buchman (2009), Mankiw et al. (2004), Branch (2004, 2007). Also, some of the studies have
considered disagreement in both professional and household, such as Alexander Ballantyne and Rankin (2016),
Siklos (2013), Lamla and Maag (2012), Ehrmann, Eijffinger, and Fratzscher (2012), Mankiw et al. (2004) among
others.
3 The Reserve Bank of India (RBI), has been conducting quarterly Inflation Expectations Survey of Households
(IESH) since September 2005. The survey elicits responses on households’ inflation expectations for next quarter
and one year ahead. Beginning with 4 metros, the survey has subsequently been expanded to 18 cities in a
phase-wise manner, where 500 respondents are picked from a metro and 250 respondents from a non-metro city.
The empirical analysis presented here consider data collected from twelve cities (4 metro and 8 non-metro) to
ensure a reasonably long time horizon.
4 See Cukierman and Wachtel (1979), Valev and Carlson (2003), Carroll (2003), Mankiw et al. (2004), and
Souleles (2004) for evidence of a positive correlation.
5 See Coibion, Gorodnichenko, and Kamdar (2018) for a survey on how economic agents form their expectations.
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influence disagreement directly. In other words, the agents, in order to form their inflation expectations, do not seem to follow the changes in the macroeconomic variables;
rather, they pick up signals from media and their day to day purchasing experiences.
Also, we find that the household forecasts are biased, and they tend to overpredict
during the high inflation regime. The empirical results are presented in Sections 4 & 5.
The paper is organized as follows. In Section 2, we explore the patterns in the time
variation of disagreement from the data using graphs and charts. In Section 3, we
identify a set of plausible determinants of disagreement from the existing literature,
and posit a series of hypotheses about their effects on it. For formulation of hypotheses
we invoke existing theories of inflation expectations formation. The hypotheses are
then tested in Section 4 using the IESH data. Finally, in Section 5, we test whether
there is an evidence of bias in the inflation forecasts affecting disagreement, and if so,
how is it related to the actual inflation.

2. Data, Measure & Patterns of Disagreement
2.1. Data & Measure of Disagreement
The IESH collects inflation expectations data by asking quarter-ahead, and year-ahead
directional change of “prices in general” in one of the following categories: whether it
is going to “increase more than the current rate” (C1 ), “increase similar to the current
rate” (C2 ), “increase less than the current rate” (C3 ), “no change” (C4 ) or “decline”
(C5 ). Let Fi denote the fraction of household responses in the category Ci , i = 1, 2, ..., 5.
For qualitative inflation forecasts, various competing measures of disagreement are proposed in the literature. However, there does not seem to be a consensus among the
researchers about which one is appropriate. These measures of variability are based
on either quantified expectations (Dasgupta and Lahiri (1992), Mankiw et al. (2004)),
or ordinal responses (Ehrmann et al. (2012), Bachmann, Elstner, and Sims (2013)) or
nominal responses (Thomas (2010), Lamla and Maag (2012)). For our empirical analysis we use index of qualitative variation (IQV), a measure based on
P nominal responses.
K
(1− i=1,2,...,K p2i ), where
For responses classified into K categories, it is defined as K−1
pi is the fraction of responses in the ith category. It varies between 0 and 1, and is
equal to 1 when pi ’s are all equal, and equal to 0 when one of the pi ’s is equal to
1. Thomas (2010) observes that IQV outperforms other measures for five-category
qualitative response data.
For the empirical analysis presented here we consider one quarter ahead household
inflation forecasts data for the period 2010 : Q3 (IESH: round 21) to 2019 : Q3 (IESH:
round 57). Although the survey started in 2005 : Q3 (round 1), it became stable only
in 2008 : Q3 (round 13) (Das, Lahiri, and Zhao, 2018). Further, we avoid the highly
volatile period, 2008 : Q4 (round 14) to 2010 : Q2 (round 20), caused by the global
financial crisis.
2.2. Patterns of Disagreement
Figure 1 shows a series of segmented vertical bars across different rounds, each bar
representing the response fractions in five categories mentioned above. On the same
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diagram, we plot the quarterly inflation rate (IR)6 . Notice that, during the high inflation regime7 , F1 varies between 0.65 to 0.83, while the combined fractions of responses
in the categories C1 and C2 between 0.86 to 0.96. However, with the onset of the low
inflation regime, F1 and F2 gradually decrease. From 2018 onward, with increase in IR,
F1 and F2 both show an increasing trend. Notice that, during the high inflation regime,
the agents’ inflation forecasts show a tendency to persist, and are biased towards the
category C1 .
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Figure 1. Response Fractions (F1 , F2 , F3 , F4 , F5 ) of Inflation Forecasts and Inflation Rate (IR)

Quarter
F1: more than current rate
F3: less than current rate
F5: price decline

F2: same as current rate
F4: no change in price
IR

Figure 2 exhibits the plots of IQV and IR against rounds. Clearly, lower IQV
occurs with higher IR and vice versa. It matches with our observations from Figure-1.
Figure 3 is the scatter plot of IQV against IR. For low values of IR, a slight non-linear
pattern is visible, otherwise, IQV shows a steady decreasing trend with increase in
IR. For developed economies, as noted above, disagreement is found to have a positive
correlation with IR which is in clear contrast with the pattern observed in IESH
data. Recently, Lamla and Maag (2012) observe a non-linear relationship between
disagreement and IR when analyzing inflation expectations survey data collected from
German households. These patterns are a complex interaction of the effects of change
in IR on the heterogeneity of the agents’ information sets, choice of their loss functions
for forecasting, uncertainty about their choice of a forecasting model, and finally on
the differential interpretations of the information available to them, which we discuss
in Section 3.
6 Our

measurement of IR is based on consumer price index for industrial worker i.e. CPI-IW. This study
focuses on the urban households of India so CPI-IW is the most relevant consumer price index that mimic
the prevailing inflation rate for the IESH respondents (Das et al. (2018)). In India, CPI-IW is published on
monthly basis. We measure quarterly IR in two-steps. First, we compute the average of monthly CPI-IW
for each quarter Q, say, CP IIWQ . Then, the inflation rate for the quarter Q, say, IRQ , is defined as IRQ =
CP IIWQ −CP IIWQ−4
.
CP IIWQ−4

Note that the consumers’ quarterly Inflation rate is measured as the four-quarter change

in the consumer price index.
7 From 2010 : Q2 till the end of 2013 the IR was hovering around 10. In 2014 : Q1 it suddenly dropped to
6% and hovered around the same for most of the subsequent quarters. In our empirical analysis, we consider
the period upto 2013 : Q4 as high inflation regime, and the period spanning 2014 : Q1 to 2019 : Q3 as low
inflation regime. See Benes, Clinton, George, John, Kamenik, Laxton, Mitra, Nadhanael, Wang, and Zhang
(2017) (Section III) for an overview.
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Figure 2. Disagreement (IQV) and Inflation (IR)
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Note: Disagreement data is matched to the inflation quarter on which the forecast is made.

Figure 3. Scatter Plot of Quadratic Fit of Disagreement (IQV) and latest published Inflation (IR)
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Figures 4 and 5, respectively, exhibit the effects of age and gender on the disagreement. The values plotted are deviations from the average IQV . The observed pattern
suggests that the disagreement among the seniors8 (see Figure 4) is the maximum
followed by the middle aged and the young. Also, the disagreement among the males
(see Figure 5) is found to be more than among the females. Thus, the age and the
gender seem to affect disagreement.
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Figure 4. Disagreement deviation (Age), 4-quarter moving-average
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Figure 5. Disagreement deviation (Sex), 4-quarter moving-average
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3. Determinants of Disagreement
Disagreement is known to be caused by the differences in the subjective beliefs of
the agents about the future inflation. Following the publication of the seminal paper
8 Young:

age ≤ 30 years, Middle-aged: age > 30 but ≤ 50 years, Senior: age > 50 years
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by Mankiw et al. (2004), a variety of explanations for disagreement are proposed
in the literature. Central to these is, the agents use heterogeneous information
sets. However, agents having access to the same information set, may still differ
because of the differences in their demographic characteristics like age, gender,
occupation, education and income etc. Also, the agents having access to the same
information set and having the same demographic characteristics may still disagree
because their expectation-formation processes may be different. Various models are
proposed in the literature to describe this process. Notable among them are: the
sticky information model (Mankiw and Reis, 2002), which assumes that the agents
update their information intermittently due to costs associated with acquiring and
processing the information; the epidemiological models (Carroll, 2003), which assume
that the agents encounter news about inflation probabilistically over time resulting
in epidemiological dynamics of agrregate expectations; the noisy information models
(Woodford, 2001), which assume that agents form expectations based on noisy private
signals; and the adaptive learning models (Evans and Honkapohja, 2001) which
assume that agents may form expectations using some form of adaptive learning. The
process may also be influenced by the agents’ switching between different forecasting
models (Branch, 2004, 2007) in different time periods, or using asymmetric loss
functions for forecasting inflation leading to over- and under predictions (Capistran
and Timmermann (2009)).
Researchers study the effects of a set of potential explanatory variables on disagreement in order to understand the disagreement formation process. In the following, we
list a set of potential explanatory variables which may affect the disagreement. For
each variable, we posit a hypothesis about its plausible effect on disagreement invoking
the existing theories.
3.1. Macroeconomic Variables
We consider the following macroeconomic variables: the inflation rate (IR), the inflation volatility (IV), and the relative price variability (RPV). Mankiw et al. (2004),
in their seminal paper, recognize them as the key macroeconomic variables affecting
disagreement.
3.1.1. Inflation Rate (IR)
As mentioned above, survey data from advanced economies suggest a positive correlation between IR and disagreement, which Mankiw et al. (2004) explain by invoking
the sticky information model (Mankiw and Reis, 2002, 2006). They note that: “This
fanning out of inflation expectations following a change in inflation is consistent with
a process of staggered adjustment of expectations”. However, theories of rational inattention (Sims, 2003) and theories of rational predictor selection (Branch, 2004, 2007)
suggest that with rising inflation level incentives to track inflation may rise and, thus,
resulting in less disagreement. Also, depending on the level of inflation, the rational
agents may use asymmetric loss functions for inflation prediction (Capistran and Timmermann, 2009), and thus, leading to over- or under- prediction, which in turn may
affect disagreement. The effect of IR is, thus, a complex interaction of all these effects
acting in opposite directions.
Following Mankiw et al. (2004) we posit:
H1 : With rising inflation disagreement tends to increase.
7

3.1.2. Inflation Volatility (IV)
Mankiw et al. (2004) observe that “Disagreement rise when inflation changes
sharply—in either direction”. In other words, higher values of IV 9 are associated with
higher disagreement. The explanation for the effect of IV on disagreement is similar
to the inflation rate.
We posit:
H2 : Increase in inflation volatility leads to higher disagreement.
3.1.3. Relative Price Variability (RPV)
The RP V 10 captures the variation of inflation rates across different sub-components
of the overall consumption basket of the consumers, and thus, increase in RP V brings
more heterogeneity in the information sets of the agents. As observed by Souleles
(2004) and Bryan and Venkatu (2001a,b), while responding to the survey, the agents
may not have the official inflation rate in mind, but may rather forecast the inflation
based on the observed inflation of the sub-components of their private consumption
basket. Consequently, an increase in RP V is expected to propel a rise in forecast
disagreement.
Thus we hypothesize:
H3 : With increase in relative price variability disagreement rises.
3.2. Other Variables of Interest
3.2.1. Lag-Disagreement
Lamla and Maag (2012) argue that if agents do not absorb any news, no information
updating takes place, and disagreement is solely due to the dispersion of prior beliefs.
For such agents, the current level of disagreement is primarily determined by the
previous level. Figures 1 & 2 above clearly exhibit a tendency of disagreement to
persist. Persistence in disagreement is a function of information updating. If the agents
update their information in a staggered manner, we expect the lag-disagreement to
be correlated with the current disagreement. Also, longer the agents take to update
the information, stronger is the persistence, and higher is the correlation between the
current and lag-disagreements.
So our next hypothesis is:
H4 : Lag-disagreement affects the current disagreement.
9 Inflation volatility essentially captures the extent of short-term fluctuations in inflation. As the measure of
IV, we employ the difference between two most recent changes in IR in two successive rounds. To elaborate
further, assume Dt be the change in IR between two successive rounds, viz. IRt − IRt−1 (= Dt ) then IVt =
Dt - Dt−1 .
10 CPI-IW inflation is derived from a representative basket of consumption comprising six different groups:
(I) Food, (II) Pan, Supari, Tobacco and Intoxicants, (III) Fuel Light, (IV) Housing, (V) Clothing, Bedding
Footwear and (VI) Miscellaneous. If all groups have the same inflation as the overall inflation, there is no price
variability among the groups. RP V captures the dispersion in inflation among the groups as follows:
q
RP V = Σi wi ∗ (πt − πt,i )2 )
(1)

where i is a group in consumption basket of CPI-IW, πt is CPI-IW inflation and πt,i is inflation for group i
and wi is weight of group i in CPI-IW consumption basket. Clearly RP V with value 0 implies no variability
amidst the different groups of CPI-IW.
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3.2.2. Media
In a recent paper, Lamla and Maag (2012) observe that the media has an important
role in the formation of disagreement of the households. Common people get information about inflation mainly from the media, like TV and newspapers (Blinder and
Krueger, 2004). Carroll (2003) observes that with more media coverage of inflation,
the agents’ inflation forecasts tend to converge more. Recently, Lamla and Vinogradov
(2019) observe that the expectations of the consumers who receive news on monetary policy differ significantly from those who do not. Thus increased media coverage
creates homogeneity in the information sets of the households leading to less disagreement about inflation expectations. We consider Google Trends (GT REN D)11 for the
key word “inflation” as a proxy for the time variation of intensity of media coverage
about inflation. Following Badarinza and Gross (2012), we posit that with increasing
intensity of information flow agents tend to agree more.
So our next hypothesis is:
H5 : Increasing intensity of media coverage of inflation lowers disagreement.
3.2.3. Central Bank’s Inflation-Targeting (IT)
Inflation targeting12 by Central Banks helps agents anchoring expectations about
prices. Brito et al. (2018) study the effects of central bank transparency including
inflation targeting on disagreement among the professional forecasters. They find empirical evidence of reduction of disagreement following the adoption of inflation targeting. Also, the reduction is found to be significant, especially for the developing
countries, who started from a low level of transparency and a high level of inflation.
In the light of poor performance of India in Central Bank transparency and independence13 (Dincer and Eichengreen, 2014), we posit that the inflation targeting (IT)
announced by RBI14 for the first time in 2016 leads to a significant reduction of disagreement.
Our next hypothesis is:
H6 : Inflation targeting has led to the reduction of disagreement.
3.2.4. Other Macroeconomic variables - Food and Fuel inflation
Food and Energy are relatively inelastic components in a household’s consumption
basket. While analyzing data from the Consumption Expenditure Survey, Johannsen
(2014) observe that, households with low levels of expenditure display higher heterogeneity in their relative expenditures on food and energy. Coibion and Gorodnichenko (2015) find that households who on average spend more money on gasoline
and therefore purchase gasoline more frequently adjust their inflation forecasts by
more in response to oil prices fluctuations than do other households. Cavallo, Cruces,
11 GT REN D

is (scaled) quarterly-volume of search for the key word ‘inflation’ under news category in India.
Mishkin (2000) for a discussion.
13 2 out of 15 during 1998-2005 and 3 during 2006-2010
14 On February 20, 2015, the RBI and Government of India (GoI) reach into Monetary Policy Framework
Agreement (MPFA) on flexible-inflation targeting (FIT). FIT was conceived on the recommendation of the
Expert Committee formed for strengthening the Monetary Policy Framework (January, 2014)). MPFA sets
an initial target of inflation below 6 percent (by January 2016) for RBI to reign the inflation. The inflation is
measured through an year-on-year change in the monthly CPI-C (consumer price index-combined) in percentage
terms . Going forward, the inflation target is set at 4 percent with a permissible variation of 2 percent from
the target. Later, FIT was ordained by a parliamentary proclamation in 2016Q3. The current target of FIT is
promulgated for five years till 2021 since its inception in 2016.
12 See
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and Perez-Truglia (2017) document that consumers benchmark their expectations on
inflation based on their memories of supermarket prices. Since food and energy are
the two most volatile components of CPI, its volatility leads to dispersed experiences
of inflation for different demographic groups. Thus, the price volatility in these two
categories measured by the food and the fuel inflation rates are expected to bring
added variability in the households’ expected inflation.
Thus our hypothesis is,
H7 : Price volatility in food and fuel leads to more disagreement.
3.2.5. Demographic Characteristics
As stated at the outset, heterogeneity in agents’ prior beliefs plays a key role in causing
disagreement about the future inflation. In a recent paper, Capistran and Timmermann (2009) argue that disagreement is caused by the biased beliefs of the agents
about the future inflation, and individual bias is clearly idiosyncratic in nature. In
this context, the interpretation bias considered by Kandel and Zilberfarb (1999) is
worth mentioning. Recently, Malmendier and Nagel (2016) extend the adaptive learning models to incorporate age-dependent updating of expectations in the events of
inflation surprises. In Michigan Survey of Consumers (M SC) data15 they find that
young individuals, compared to the older individuals, update their expectations more
strongly since recent experiences form a greater share of their accumulated lifetime
history. In our empirical investigation, we consider age and gender of the respondents
as proxies for the idiosyncratic characteristics, and study its effects on disagreement.
Thus we hypothesise,
H8 : The age and gender of the agents affect disagreement.

4. Empirical Analysis
4.1. Modeling Disagreement: Aggregated Data
We start with a base model for IQV, which is given by,

IQVt = β0 + β(IRt−2 , IVt−2 , RP Vt−2 ) + ut ,

(2)

where IRt−2 , IVt−2 and RP Vt−2 are the values of IR, IV and RP V respectively at
quarter t − 2 instead of t − 1. This is in order to account for the publication lag of
macroeconomic information. Note that IQVt is disagreement in IESH data (collected
at time t − 1) that are the forecasts about the movement of IR at time t relative to
that at time t − 1. For modeling the nonlinear relationship between IQV and IR
2
as observed in Figure 3, we add IRt−2
to the model. However, the high correlation
2
(0.97) between IRt−2 and IRt−2 leads to nonsensical estimates of the regression
2 . We thus, drop IR2
coefficients of both IRt−2 and IRt−2
t−2 from the model. In the first
column of Table 1 the estimates of the regression coefficients, and the corresponding
p-values are reported. IR is found to have a strong significant negative effect on IQV
contradicting the hypothesis H1 . In other words, the disagreement seems to decrease
15 MSC

is conducted every month (since 1978) for US households by the Survey Research Center at the
University of Michigan. The surveys solicits consumers response regarding their current and future financial
standings and their thoughts on the present and near future state of the economy.
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with increase in IR. Also, IV and RP V are found to be non-significant contradicting
the hypotheses H2 and H3 . The model has adjusted R2 equal to 0.397. Notice that,
the DA test and the Q test16 , both reject the null hypothesis practically at all level
of significance.
We next augment the base model by adding lag-IQV (LIQV ), the IQV of the
previous quarter, as an explanatory variable. The revised estimates of the model
parameters are shown in the second column of Table 1. Clearly, LIQV shows a strong
significant positive effect on IQV supporting the hypothesis H4 , and also with its
inclusion all three macroeconomic variables become non-significant. Notice that the
R̄2 is more than doubled, and both DA and Q tests fail to reject the null hypothesis.
In the light of the above results, it seems that unlike the professional forecasters, the
common people do not seem to monitor the changes in the macroeconomic variables
over time for forecasting inflation. The results also indicate that disagreement among
the agents is strongly persistent. In other words, the agents do not update the
information about inflation regularly.
We augment the model further by adding the explanatory variables, GT REN D,
IT 17 , IR(f ood)t−1 and IR(f uel)t−1 18 . As stated above, GT REN D captures the
intensity of information flow from media about inflation. IT captures the effect of
the central bank transparency. The variables IR(f ood)t−1 and IR(f uel)t−1 directly
affect the day to day buying experiences of the common people. The estimate of the
revised model indicates that with the inclusion of these new variables, LIQV becomes
non-significant. However, the variance inflation factor (VIF) of LIQV is found to be
very high (11.66) indicating the presence of multicolinearity. A regression of LIQV
on the remaining variables of the model yields a very high R2 value (= 0.914). Thus,
we drop LIQV from the final model.
The estimates of the final model are shown in the fourth column. As expected,
the estimates of all the four coefficients, including that of IT , are negative and
strongly significant, thus, supporting the hypotheses H5 , H6 and H7 . The adjusted
R-squared (R̄2 ) for the model is 0.909. Also, both DA and Q tests fail to reject the
null hypothesis with high p-values. Finally, there is no indication of multicolinearity,
the VIF values are all being close to 3.
The final model suggests that the time variation of disagreement among the households is caused by the day to day purchasing experiences, the intensity of media coverage about inflation, and the central bank transparency. The interesting facts that
come out from this empirical study are, none of the macroeconomic variables has a significant effect on the disagreement, disagreement is highly persistent (the correlation
between IQV and LIQV is high and equal to 0.93), and if the variables GT REN D,
IT , IR(f ood) and IR(f uel) are included the effect of lag-disagreement becomes non16 Durbin’s alternative (DA) tests is used for testing the null hypothesis of no autocorrelation of errors when
the regressors include lagged dependent variables. This is an extension of commonly used Durbin-Watson (DW)
test that assumes strict exogeneity of regressors. Portmanteau (Q) test checks for the regression residuals being
white-noise and the corresponding null hypothesis is that errors are white-noise.
17 A dummy variable equal to 1 from 2016 first quarter onward, 0 otherwise.
18 IR(f ood)
t−1 is quarterly inflation rate for Food group of CPI-IW. Similarly, IR(f uel)t−1 is quarterly inflation rate for Fuel group of CPI-IW. Food and Fuel group constitutes 36.29% and 5.58% of CPI-IW, respectively.
These two groups are given special attention in literature as they are more influential (and commonly more
volatile) than other groups of the consumption basket in shaping the consumers’ views on inflation.
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Table 1. Aggregate Results

(1)
IQV
-0.041∗∗∗
(0.000)

(2)
IQV
0.004
(0.336)

(3)
IQV
-0.000
(0.978)

IVt−2

0.001
(0.775)

-0.002
(0.567)

-0.001
(0.669)

RP Vt−2

-0.003
(0.740)

-0.004
(0.280)

-0.003
(0.443)

0.955∗∗∗
(0.000)

0.245
(0.232)

IRt−2

LIQV

(4)
IQV

GT REN D

-0.002∗
(0.033)

-0.002∗∗∗
(0.000)

IT

-0.104+
(0.056)

-0.152∗∗∗
(0.000)

IR(f ood)t−1

-0.009+
(0.060)

-0.014∗∗∗
(0.000)

IR(f uel)t−1

-0.022∗∗∗
(0.000)

-0.029∗∗∗
(0.000)

0.897∗∗
(0.002)
0.559
0.615
0.908
37

1.193∗∗∗
(0.000)
0.790
0.769
0.909
37

Constant
DA
Q
R̄2
Observations

1.058∗∗∗
(0.000)
0.000
0.000
0.397
37

0.024
(0.803)
0.074
0.433
0.853
37

p-values in parentheses
+

p < 0.10,

∗

p < 0.05,

∗∗

p < 0.01,

∗∗∗

p < 0.001

Note: All equations are estimated over the period 20010Q3 to 2019Q3. Estimates are through
1
Newey-West regression with lag 3 (Newey and West, 1987). Lag is chosen as per .75T 3
criteria. IRt−2 is the most recent published inflation rate, computed as the quarterly average
of monthly index on an year-on-year basis. IVt−2 mimics the Inflation-Volatility and is
measured as the difference in change-in-inflation. RP Vt−2 is relative-price-variability that
captures the dispersion across different groups of the consumption basket. LIQV is
lag-disagreemnt and reflects the persistence in disagreement. GT REN D proxy the volume of
media information as captured through Google Trends data as volume of searches on
keyword “inflation”under news category. IT dummy proxies the advent of flexible inflation
targeting in India, 1 (true/presence) for 2016Q1 and onward, and 0 (false/absence)
otherwise. Inflation IR(F ood)t−1 and IR(F uel)t−1 is the CPI-IW inflation for Food and Fuel
group, respectively, and are matched with the survey-round to mimic the Households’ recent
experiences on price volatility. Autocorrelation for all the models is checked with Durbin’s
alternative (DA) test as lagged dependent variable is included among the regressors. Null
hypothesis of DA test is that there is no autocorrelation at any order. For all the models,
except model-(1), the null hypothesis of no autocorrelation could not be rejected. For all
models, Portmanteau (Q) test for regression residuals being white-noise are performed and
null hypothesis of errors being white-noise12
couldn’t be rejected, expect for model-(1).

significant. This model offers a very useful insight to the policy makers about the
formation of disagreement among the households.
4.2. Models for Disagreement: Disaggregated Data
In order to assess the impact of the demographic characteristics on the disagreement,
we divide the responses in each round into six groups each representing a combination
of age19 and gender20 . Let IQVit denote the IQV measured for the i-th group in
round t. We, thus, have a pooled time-series cross-section data with 6 cross-section
units in each of the 37 time points. We consider unit fixed effects regression models
(Angrist and Pischke (2009), Imai and Kim (2019)) for the analysis of the data. The
common representation of such a model is,

Yit = αi + βXit + it ,

(3)

where Yit represents the dependent variable, Xit the set of explanatory variables, β
the vector of regression parameters, and it the disturbance term. Equation (3) is a
fixed effects model (FEM) since the intercepts are allowed to differ across groups,
but are time invariant. Also the vector of regression parameters β do not vary across
units over time. The households in the six groups are likely to be subject to various
common observable and unobservable disturbances leading to a contemporaneous
correlation between it ’s. Also, it ’s are likely to be serially correlated over time. In
order to incorporate both the contemporaneous and lagged cross-sectional dependence
into the model Driscoll and Kraay (1998) assume that the disturbance term it is
generated as:

it = λi ft + µit

(4)

ft = ρft−1 + νit ,

(5)

where, µit and νit are independent and identically distributed normal random variables with mean zero. Cross-sectional dependence is induced in the disturbances by
the unobserved common factor ft , which is present in all cross-sectional units. Since
an autoregressive process of order one with auto correlation coefficient ρ generates ft ,
both contemporaneous and lagged cross-sectional dependence are incorporated into
the model.
For our empirical study, to begin with, we consider regression model (3) for IQVit
with Xit representing the vector of explanatory variables considered in column (3)
of Table 1, and αi ’s representing the fixed effects due the three dummies, two for
age21 and one for gender22 . The OLS estimates of the regression coefficients are
consistent. However, for drawing inferences about the regression coefficients, we need
19 Young:

age ≤ 30 years, Middle-aged: age > 30 but ≤ 50 years, Senior: age > 50 years.
and Female
21 “Mid = 1” for middle aged, “= 0” otherwise, “Senior = 1“ for seniors, “= 0” otherwise
22 “Fem = 1” for female, “= 0” otherwise
20 Male
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consistent estimates of its standard errors. In the presence of cross-sectional and
serial dependence, the OLS estimates of the standard errors are inconsistent, and
also highly biased in finite samples. In a time series context, the serial correlation in
errors is commonly corrected by the Newey and West (1987) HAC (heteroskedasticity
and autocorrelation consistent) estimators of standard errors. However, Driscoll
and Kraay (1998) observe that, for pooled cross-section and time-series data, the
HAC estimator would result in inconsistent estimates of standard errors because it
ignores the cross-sectional dependence. Also, they observe that, erroneously ignoring
cross-sectional correlation may lead to severely biased estimates of standard errors,
and thus, to incorrect inferences. For drawing inferences, we thus use estimates
of standard errors proposed by Driscoll and Kraay (1998)23 correcting for both
cross-sectional and serial dependence.
The OLS estimates of the regression coefficients are shown in column (1) of
Table 2. Not surprisingly, like in the case of aggregated data, the estimates of
coefficients of IRt−2 , IV , RP Vt−2 and LIQV come out as non-significant. The
coefficients of all other explanatory variables are significant including those of age
and gender dummies, thus, supporting the hypotheses H8 . Column (2) shows the
estimates of the coefficients and the corresponding P-values after dropping the
four non-significant variables from the model. The change in R̄2 after dropping the
non-significant variables is negligible. The model estimates reconfirm our findings
based on the aggregated data. The variables capturing the day to day purchase
experiences of the agents, the media coverage about inflation, and inflation targeting
by the central bank have significant effects on the disagreement with a negative sign.
The additional insights that the analysis of disaggregated data provides are, the
seniors and middle aged people show significantly more disagreement compared to the
young ones, and the males tend to disagree significantly more compared to the females.

5. Bias
In Sections 2 & 4 above, we have observed that the disagreement tends to decrease
with increase in inflation rate which is in contrast with the findings for developed
economies. We present here an empirical support for the observed phenomenon. If
the agents use asymmetric loss functions for forecasting inflation then the agents may
over- or under- predict depending on the inflation regime. It naturally leads to a bias
in the forecasts as noted by Capistran and Timmermann (2009). Now, we address the
following question: whether the IESH data exhibit a bias in the inflation forecasts,
and if so, how is it related to the actual inflation? Finally, we relate our findings to
the relationship between IQV and IR as observed in the IESH data.
Figure 6 shows the plots of the change in IR between two successive rounds, viz.
IRt − IRt−1 (= Dt , say) and the fractions of households’ forecasts, say, F1t , F2t and
∗ in the three categories, say, C , C and C ∗ , respectively,24 on the same chart.
F3t
1
2
3
Notice that the IESH data are simply the forecasts at time t − 1 about the movement
of IR at time t relative to that at time t − 1. On the other hand, the sign of Dt
23 implemented

in Stata (cf. Hoechle (2007)) as xtscc program.
than the current rate” in red (C1 ), “Same as the current rate” in green (C2 ) and “Less than the
current rate” in yellow (C3∗ )
24 “More
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Table 2. Disaggregate Results

(1)
IQV
-0.000
(0.982)

IRt−2

(2)
IQV

IVt−2

-0.001
(0.627)

RP Vt−2

-0.003
(0.443)

LIQV

0.208
(0.226)

GT REN D

-0.002∗∗
(0.009)

-0.002∗∗∗
(0.000)

IT

-0.115∗
(0.018)

-0.157∗∗∗
(0.000)

IR(f ood)t−1

-0.010∗
(0.022)

-0.014∗∗∗
(0.000)

IR(f uel)t−1

-0.024∗∗∗
(0.000)

-0.029∗∗∗
(0.000)

M id

0.013∗
(0.026)

0.017∗∗∗
(0.001)

Senior

0.010∗
(0.044)

0.013∗∗
(0.002)

F em

-0.031∗∗∗
(0.000)

-0.039∗∗∗
(0.000)

Constant

0.947∗∗∗
(0.000)

1.201∗∗∗
(0.000)

0.907
222

0.902
222

R̄2
Observations

p-values in parentheses
+

p < 0.10,

∗

p < 0.05,

∗∗

p < 0.01,

∗∗∗

p < 0.001

Note: All equations are estimated over the period 20010Q3 to 2019Q3. Estimates are through
Driscoll and Kraay (1998) regression implemented in Stata program xtscc (Hoechle, 2007).
Variables IRt−2 , IVt−2 , RP Vt−2 , LIQV , GT REN D, IT , IR(F ood)t−1 and IR(F uel)t−1
have the same interpretation as give in the Table 1 note (also see section 3 for a detailed
description).

15

Figure 6. Change in Inflation (D) and Response fractions (F1 , F2 , F3∗ )
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captures the observed movement of IR at time t relative to time t − 1. We would like
to verify whether the forecasts about the movement of IR are in consonance with the
observed changes in the sign of Dt over time.
Clearly, a change in IR may not be perceived by the agents from their day to day
experiences unless it exceeds a threshold, say, θ (Bakhach, Tsang, and Jalalian, 2016).
For our empirical analysis, and for the sake of simplicity, we assume θ to be equal to
1 for the high inflation regime, and equal to 0.5 for the low inflation regime. Notice
that, in the high inflation regime, the fraction of times IR increases by more than
unity, i.e., Dt > 1, is equal to 2/13, and the resulting 95% confidence interval is
given by [0, 0.26]. In the low inflation regime, the corresponding (Dt > 0.5) fraction is
11/24, and the resulting 95% confidence interval is given by [0.39, 0.66]. Interestingly,
however, in the high-inflation regime, the proportion of agents forecasting an increase
in IR varies between 0.65 and 0.83 which is much higher than 0.26. Evidently it
suggests that the agents tend to overpredict inflation in the high inflation regime. On
the other hand, in the low-inflation regime, it varies between 0.25 and 0.56, which is
in perfect agreement with the actual change in IR, and hence, there does not seem
to be any evidence of bias.
Thus, during the high inflation regime, the forecasters seem to exhibit an upward
bias, resulting in a very high concentration of the forecasts in categories C1 and
C2 , but mostly in C1 , thus, leading to a low level of disagreement. In contrast,
during the low inflation regime, the agents’ forecasts are evenly spread out across
different categories, thus, resulting in a higher level of disagreement. The tendency to
overpredict during the high inflation regime causes the inverse relationship between
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IQV and IR as observed in the IESH data.

6. Concluding Remarks
Here we summarize our findings. Clearly, the disagreement as measured by IQV
exhibits a strong tendency to persist over time, which is also evident from the high
positive correlation (= 0.93) between IQV and lag-IQV . This indicates the presence
of information rigidity in updating the beliefs by the agents. Also, the agents do not
seem to follow the changes in the key macroeconomic variables, like IR, IV and RP V
over time to adjust their inflation forecasts. On the other hand, they seem to adjust
their forecasts based on the information gathered from their day to day purchase
experiences and the news about inflation captured by the variables IR(f ood)t−1 ,
IR(f uel)t−1 and GT REN D, respectively. Finally, the demographic characteristics of
the agents, like age and gender, do have a significant effect on the disagreement. Females agree more than the males and younger people agree more that the older people.
Further, the IESH data exhibit a high negative correlation (= −0.77) between
IQV and IR. Following Capistran and Timmermann (2009), it seems that the agents
adopt asymmetric loss functions for forecasting inflation. Our empirical analysis
suggests that the agents tend to overpredict during the high-inflation regime resulting
in high concentration of forecasts in a few categories. On the other hand, the forecasts
are evenly spread out across different categories during the low inflation regime, thus,
leading to low disagreement during the high inflation regime and high disagreement
during the low inflation regime.
Finally, we would like to raise a caveat about the significant negative effect of IT
on disagreement. Notice that (cf. Figure 2) the formal announcement of inflation
targeting by the government is followed by a sustained but short period of low
inflation, the lowest being observed in 2017 : Q2. There is a plausibility that the low
inflation may be caused by variables other than IT , which are unobservable or are
hard to measure, like the central bank communication strategy to public (Coibion,
Gorodnichenko, and Weber, 2019) or the degree of central bank independence25 .
Mishkin (2000) observes that the latter is critical for inflation targeting to be effective,
especially for the emerging economies. As noted by Capistran and Ramos-Francia
(2010), if these factors are not controlled for, their effects may be wrongly attributed
to IT .
Finally, to the best of our knowledge, this is the pioneering study of time variation
of disagreement about inflation forecasts among the Indian households. This paper
provides key insights about the formation of disagreement, and thus, would help the
policy makers in conducting monetary policy more effectively. More importantly,
some of our findings are novel and typical for an emerging economy like India, and are
at variance with the findings in developed economies. Given the fact, that most of the
published studies on disagreement are based on the survey data from the developed
economies, we believe, our paper would enrich the current literature on disagreement.
25 By

central bank independence, we mean a strong institutional commitment to insulate the central bank
from legislators’ influence, and giving the central bank exclusive control over the setting of monetary policy
instrument.
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