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Assessing macroeconomic demand conditions is critical for monetary policy to gauge
imminent inflationary pressures. Generally, measures of output gap, calculated by
applying statistical filters on GDP data, are used for this purpose. GDP data, however,
are released only at quarterly frequency with a lag of approximately two months.
This paper proposes an alternative indicator of economic slack that captures demand
conditions efficiently and is also available at higher frequency. A macroeconomic
demand index constructed for this purpose using a rich set of high frequency (monthly)
indicators emerges as a better predictor of core inflation than other measures.
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Introduction

Traditionally, output gap and capacity utilisation are widely used to assess
economic slack. Output gap is generally calculated by applying statistical
filters (Hodrick-Prescott, Band-Pass, Multivariate Kalman Filter, etc.) on GDP
data, while capacity utilization is derived mainly from surveys on corporate
performance. One of the biggest limitations of these measures, however, is
that they are available with a time lag. The national accounts data for any
quarter is released with a lag of approximately two months after the end of the

reference quarter. Similarly, data on capacity utilization from the Order Books,

* Saurabh Sharma and Ipsita Padhi are Managers in Department of Economic and Policy
Research. The views expressed in the paper are those of the authors and do not necessarily
reflect the views of the Reserve Bank of India. Email: saurabhs@rbi.org.in; ipsitapadhi@
rbi.org.in. Authors would like to express sincere gratitude to Shri Sitikantha Pattanaik, Shri
Gobinda Prasad Samanta, Shri Binod Bhoi, Dr. Harendra Behera, Shri Kunal Priyadarshi, an
anonymous referee, and DRG team for their valuable suggestions and encouragement.



78 RESERVE BANK OF INDIA OCCASIONAL PAPERS

Inventories and Capacity Utilisation Survey (OBICUS) of RBI is released with
a lag of more than one quarter. In view of the importance of inflation forecasts
to the conduct of monetary policy under a flexible inflation targeting (FIT)
framework, and the well-established role of economic slack in influencing the
near-term evolution of the inflation trajectory, it is useful to explore alternative
measures which not only capture economic slack efficiently, but also can be
available at higher frequency. This paper attempts to create a macroeconomic
demand index using a set of high frequency indicators (HFIs), which are
available at monthly frequency.

We use an unobserved components model that combines a Bayesian
dynamic factor model (DFM) with a Phillips curve equation to estimate the
measure of economic slack. While the Bayesian dynamic factor model extracts
a common factor from various high frequency indicators, the Phillips curve
equation ensures that this common factor contains information about inflation
dynamics. The idea is to estimate not just any measure of economic slack but
one that closely resembles inflationary pressures.

In the second part of the paper, we test the predictive ability of the
estimated demand index by assessing the inflation-forecasting performance of
the constructed demand index vis-a-vis other measures of excess demand like
HP filtered output gap and capacity utilization. The forecasting performance
assessment exercise clearly establishes the superior predictive power of the
constructed measure of economic slack relative to conventional measures of
demand.

The organisation of the remaining part of the paper is as follows. Section
I surveys the relevant literature. Section III describes the econometric model
used in the paper. Section IV explains the methodology. Section V presents the
empirical results and section VI concludes.

Section II
Literature Survey

The multivariate unobserved components model used in this paper is a
synthesis of two different strands of literature — DFMs and Phillips curve.
DFMs have been used widely to construct indices of economic activity and
more recently to nowcast GDP (Stock and Watson, 1989; Giannone, Reichlin
and Small, 2008 in the international context and Biswas, Banerjee and Das,
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2012; Bhadury, Ghosh and Kumar, 2020 in the Indian context). Our paper
is related to this strand of literature but with one important distinction. We
are concerned not only with obtaining the estimate of real activity, but also
whether that estimate contains important information about inflationary
pressures. In order to incorporate this into the model, we introduce the Phillips
curve equation (relating inflation and output gap) into the Bayesian DFM state-
space framework. Several studies have used a bivariate framework to extract
output gap by using a Phillips curve equation along with the equation relating
actual and potential output. Kuttner (1994) initiated this literature by using a
bivariate unobserved components model to estimate potential output. Planas
(2008) estimated a Bayesian version of Kuttner’s model. Building upon this
framework, Jarocinski and Lenza (2015) used a DFM equation in the bivariate
model to extract the output gap from multiple indicators of economic activity
and forecasted core inflation using it. We follow a similar approach.

In doing so, we borrow from the extensive literature on Phillips curve,
both in India and abroad. In the Indian context, several studies have found
support for the Phillips curve hypothesis (Patra and Kapur, 2012 using WPI
data and Behera, Wahi and Kapur, 2017 using CPI data). The specification
of the Phillips curve equation in our model draws from these studies, but is
estimated using a state-space framework.

Section III
The Econometric Model

We construct a macroeconomic demand index that contains useful
information about inflationary pressures. We use the following multivariate
unobserved components model to extract the measure of economic slack.

o idiosyncratic
Yit= 2;. DIy + shock;,

. =i + a(L).DI, + z, + €

The first equation represents a Bayesian dynamic factor model wherein
Vit represents high frequency indicators of economic activity (passenger
vehicles sales, IIP consumer durables etc.), and the common factor is
represented by the demand index, DI. Since our objective is to obtain a real-
time measure of economic slack, we use only high frequency indicators that
are available at monthly frequency, rather than GDP which is available only at
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quarterly frequency and with a substantial time lag. One way of getting around
this issue could be to use GDP forecasts. However, several papers including
Bhadury, Ghosh and Kumar (2020) have used HFIs instead of GDP and we
follow a similar approach. The dynamic factor model (DFM) represents the
evolution of a vector of N observed series in terms of a reduced number
of unobserved common factors which evolve over time, plus uncorrelated
disturbances which represent measurement error and/or idiosyncratic
dynamics of the individual series (Stock and Watson, 2010). This equation
suggests that short-run dynamics in all high frequency indicators of economic

activity have a common component, besides their own idiosyncratic shocks

idiosyncratic

(shock;, )

The second equation represents the Phillips curve relationship which
relates inflation (TT¢) to its trend (777¢"%), demand side dynamics captured by
the demand index (DI), and a vector of supply controls (Z¢). The lag operator,
L allows for contemporanecous as well as lagged relations. €; represents the
Gaussian error term. We use this set-up to estimate the unobserved demand

index.

In order to capture the common cyclical dynamics parsimoniously, the

demand index is assumed to follow unobserved AR(2) process,
DI, = ¢1DIyy + ¢2DI 5 + e p;

where @1, 2 are the autoregressive coefficients and €¢,pI is a white-noise

with zero mean and constant variance (0,). Idiosyncratic movements in HFIs

. . idi tic .
which is captured by Shock; tlosy METAte i assumed to be AR(1) process,
h kidiosyncratic = p..sh kidiosyncratic + e
shock;, = p;.shock;,; e

The supply shocks are also assumed to follow AR(1) process,

Zy = Pz Ztq1 T €5

where Pi» Pz denote the autoregressive coefficients and €i €z denote the

corresponding white noise terms.



AN ALTERNATIVE MEASURE OF ECONOMIC SLACK 81
TO FORECAST CORE INFLATION
Section IV
Estimation Strategy

After specifying the broad modelling framework in the previous
section, we turn to the detailed methodology in this section. The first sub-
section explains the identification strategy; sub-section 2 describes the exact
specification of the Phillips curve equation; sub-section 3 relates to the
selection of HFIs; sub-section 4 presents the final specification and estimation
technique of the model, and the last sub-section describes the data.

1V.1 The identification strategy

The broad identification strategy for our empirical estimation rests on the
following premise. First, various types of high frequency indicators possess
some common information about the macroeconomic demand conditions.
Second, core inflation in India reacts well to changing demand conditions,
which means there exists a robust Phillips curve type relationship between
them.

The first assertion is validated by the way in which we select our high
frequency indicators. The second presumption gains credibility from the
vast Indian literature which suggests that there exists a robust Phillips curve
relationship in India both for core and headline inflation (Kapur and Patra,
2010; Behera, Wahi and Kapur, 2017; Pattanaik, Muduli and Ray, 2019).
Taking a cue from these studies, we also estimate the Phillips curve for core
inflation using a state-space framework. This not only reinforces the literature
but also guides us about the exact specification to be used later for estimation
of demand index.

1V.2 The Phillips Curve

We begin with the classic “triangle” model of inflation (Gordon, 1997),
which relates inflation to three basic determinants: inertia, excess demand and
supply shocks.

m, = Inertia + b(L). Index™* + shocks **P” + e,
Where 7 refers to inflation, L is the lag operator and € is the random error.

In using this framework for our purpose, we face four major modelling
choices: (i) Which measure of inflation should be used, headline or core?;
(i) What is the measure of excess demand to be used?; (iii) What are the
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supply shocks, if any, to be included?; and (iv) How to capture the inertia
component? To resolve these queries, we take guidance from the literature.
Where the literature does not provide a clear-cut answer, we decide based on
the forecasting performance (for inflation) of alternate measures/specifications.
Given that we are primarily concerned about the ability of the demand index
in assessing inflationary impulses, inflation forecasting ability seems to be an
appropriate test to determine the reliability of the model. Thus, forecasting
performance is used as the metric of evaluation to decide upon the correct
specification.

We use inflation excluding food and fuel (also referred to as core
inflation) as our measure of inflation. Core inflation is expected to be more
responsive to demand conditions as it is relatively immune to supply side
shocks emanating from food and fuel sectors. This has been corroborated by
various studies which find that the impact of excess demand is higher on core
inflation compared to headline inflation (Kapur, 2012; Behera et al., 2017).
We, therefore, use core inflation to extract information about excess demand/
economic slack in the economy.

For the measure of excess demand, both output gap and unemployment
gap have been used in the literature. Okun’s Law holds that the output gap
and unemployment gap are closely related. Accordingly, we use HP filtered
output gap (applied on real GDP) as a proxy for demand. According to
Gordon (1997), inflation depends not only on the level but also on the change
in excess demand, and models that do not include the change variable are
misspecified. In order to account for the rate-of-change effect, we include both
contemporaneous and lagged value of output gap in our specification.

We now turn to the inclusion of supply shocks. We use core inflation
as our measure of inflation which largely excludes supply-side inflationary
pressures like food and fuel. However, CPI excluding food and fuel includes
petrol and gold whose movements are largely determined by supply factors.
Some other supply controls that are widely used in the literature include
exchange rate and crude-oil inflation. Food inflation has also been included
as a control variable in a few studies to assess potential spillovers to core
inflation (Behera et al., 2017). In order to choose the exact specification of
our Phillips curve equation, we use the state-space framework with alternative
combinations of all these control variables (change in exchange rate, gold,
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petrol, food and crude oil prices). We compare the forecasting performance of
these specifications and conclude that a specification with only exchange rate
is the best specification as it has superior forecasting performance (Table 1).

Turning next to the inertia component, we observe that it has been
modelled in various ways in the literature. While Gordon (1997) simply used
the lagged values of inflation to capture the inertia, hybrid versions of the New
Keynesian Phillips Curve (NKPC) have used a combination of forward and
backward looking variables (Gali and Gertler, 1999). In the Indian context,
Patra et al. (2014) used lagged inflation along with one-period lead inflation
in the estimation of the NKPC equation, Behera et al. (2017) used only the
lagged inflation term to estimate the Phillips curve equation, and Pattanaik et
al. (2019) used survey-based household inflation expectations in the Phillips
curve specification.

In our model, we define inertia in three alternate ways and then check
for their forecasting performance in order to select the best specification. In
the first case, we use lagged inflation as the measure of inertia in the tradition
of Gordon (1997). In the second case, we follow the approach of Jarocinski

Table 1: Relative RMSE of alternate specifications

Model Specification Relative
RMSE

No supply shocks + inertia (trend inflation) 1

No supply shocks + inertia (inflation expectations) 1.29

No supply shocks + inertia (lagged inflation) 2.13

Supply shocks (petroleum inflation, gold inflation, food inflation, change in rupee-| 0.92
dollar exchange rate) + inertia (trend inflation)

Supply shocks (petroleum inflation, gold inflation, lagged food inflation, lagged | 1.07
change in rupee-dollar exchange rate) + inertia (trend inflation)

Supply shocks (petroleum inflation, change in rupee-dollar exchange rate) +| 0.91
inertia (trend inflation)

Supply shocks (petroleum inflation) + inertia (trend inflation) 1.03
Supply shocks (change in rupee-dollar exchange rate) + inertia (trend inflation) 0.87

Supply shocks (Indian basket crude oil inflation, change in rupee-dollar exchange | 0.88
rate) + inertia (trend inflation)

Supply shocks (Indian basket crude oil inflation) + inertia (trend inflation) 1.04

Source: Authors’ Estimates.
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and Lenza (2015) to model inertia using trend inflation. The trend inflation is
assumed to be a random walk process without drift, specified as follows:

n.grend = n.gtelnd + et ptrend

A number of studies have modelled trend inflation as a random walk
process (Cogley et al., 2010; Stock and Watson, 2007). Defining it in this way
removes restriction imposed by mean-reversion associated with stationary
specification. Since trend inflation is a medium-term concept that is relatively
unaffected by short-term dynamics, a random walk process results in a

smoother estimate (Chart 1).

Another way of modelling trend inflation is to relate it to long-run inflation
expectations (Faust and Wright, 2013; Clark and Doh 2014; Jarocinski
and Lenza, 2015). We follow this approach in the third case, wherein trend
inflation is again used as the measure of inertia, but this time it is modelled
using household inflation expectations. Accordingly, we use the following
equation to derive trend inflation:

¢ = c + mfen 4+ uf

Where, 1 refers to inflation expectations of households, wt"¢™ is the
trend inflation, and u® is the Gaussian error term. The constant term, C is
included to reconcile two important distinctions between inflation expectations

Chart 1: Trend Inflation (Estimate)
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and trend inflation. First, household inflation expectations refer to headline
inflation, while the trend inflation in our model is defined in terms of core
inflation. Second, household inflation expectations in India have remained
above actual inflation, even though the change in inflation expectations may
hold important information about the change in actual inflation (Chart 2).
The constant term accounts for these factors by allowing a level difference
between trend inflation and inflation expectations.

In addition to these alternate measures of intrinsic persistence, lags of
demand index/output gap are also used to account for extrinsic persistence.
We then estimate the Phillips curve equation and forecast core inflation using
these alternate specifications. The specification with trend inflation modelled
as a random walk process has the best root mean squared error (RMSE) score
among the competing specifications (Table 1). Trend inflation that incorporates
inflation expectations does not improve upon the forecasting performance.
This is in line with Pattanaik e al. (2019) who find that ‘the overall explanatory
powers of NKPC models with household inflation expectations do not improve
relative to similar models with backward looking inflation expectations’. We
therefore, specify inertia in our model as trend inflation which is a random
walk process without drift.

This gives us the final specification of the Phillips curve as follows,

" = mf"e" + B;.Indexe™ + B, Index(T " + B;. AUSD, + €, yeore

Chart 2: Inflation and Inflation Expectations
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1V.3 Selection of High-frequency Indicators

Having finalised the specification of the Phillips curve, we turn to the
selection of high frequency indicators. There exist a variety of high-frequency
indicators covering different aspects of the economy. The choice of HFIs,
therefore, becomes important in order to have a parsimonious specification
without losing out on information content. In order to select the HFIs, we
broadly follow two steps. First, we peruse the literature to short-list the
indicators that could potentially hold relevant information about demand
conditions. Second, since we are primarily concerned with obtaining a demand
index that can predict core inflation reasonably well, we check the correlation
of these indicators with core inflation and HP filtered output gap (henceforth,
HP-gap). We select those HFIs which are found to be significantly correlated
with core inflation or the output gap.

The literature on coincident economic indicators makes use of a variety
of high-frequency indicators (see Bhadury et al., 2020 for a detailed survey).
We categorise the high-frequency indicators generally used in the literature
into the major components of demand: consumption, investment, government
spending, and trade.! HFIs that cannot be binned into these categories but
may be potentially useful to capture demand conditions are listed in the
miscellaneous category (Table 2).

Table 2: Classification of HFIs under major heads of aggregate demand

Consumption Investment-based Government | Trade |Miscellaneous
Spending
* [IP consumer goods * [IP general * Government | * Non- | * Non-food
o Durables « TP intermediate goods| total ) f’il bank credit
o Non-durables * [IP capital goods expenditure | imports |+ p3 (broad
. . . t | * Non-
* Petroleum consumption | ¢ IIP basic goods Governmen on money)
) _ _ revenue oil « 91 T-bill
* Passenger vehicle sales | ¢« Commercial vehicle expenditure | exports yield
 Two-wheeler sales sales .
* Railway

« Government tax revenue | * Crude steel production freight

« Air passenger traffic * Cement production

(domestic)  Farm tractor sales

! Another way to choose HFIs could be based on the sectors (agriculture, industry, services) to
which they belong.
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Since the emphasis is to estimate a measure of economic slack, we work
with the cyclical dynamics present in each HFI, extracted using HP-filter.
As a first round of screening, we check the contemporaneous correlation of
respective HFIs with HP-gap (Table 3).

Out of these 23 HFTIs, six HFIs (freight traffic, SCB non-food credit, M3,
91 T-bill yield, IIP intermediate, and non-oil exports) are contemporaneously
negatively correlated with the HP-gap. In order to check the possibility that
these HFIs may be associated positively with lead/lag of HP-gap, we calculate
the respective cross-correlations. We find that these HF s are either uncorrelated
or negatively correlated with HP-gap at all appropriate lead-lag (Table A.1).
From this, we conclude that these HFIs do not possess relevant information
about the excess demand in the economy and rather show idiosyncratic
dynamics for our period of study. For the remaining 17 HFIs, we also compute
correlation with core inflation to assess if they possess information about
inflation pressures (Table A.2). We finally obtain a list of 12 HFIs comprising
of two-wheeler sales, domestic passenger vehicle sales, domestic commercial
vehicles sales, tractor sales, petrol consumption, crude-steel production, air-

passenger traffic, [IP-basic, I[[P-capital, [IP-consumer durables, [IP- consumer

Table 3: Correlation of HFIs with HP-filter output gap

HFI Correla- HFI Correla-
tion tion
with with

HP-gap HP-gap

Domestic Two Wheelers Sales 0.45*** | SCB Non Food Credit -0.56%**

Domestic Passenger Vehicle Sales 0.63%** | M3 -0.34%*

Domestic Commercial Vehicle Sales | 0.46*** |91 T-bill avg. yield -0.31%*

Farm Tractor Sales 0.11 IIP Basic 0.60%**

Freight Traffic -0.30** | IIP Capital 0.52%%%*

Petroleum Consumption 0.63*** | IIP Intermediate -0.25

Crude Steel Production 0.38% IIP Consumer durables 0.51%**

Cement Production 0.02 [P Consumer non-durables 0.23

Passenger Traffic Domestic 0.74*** | IIP General 0.55%%%*

Government Tax Revenue 0.09 Government Total Expenditure | 0.06

Government Revenue Expenditure 0.04 Non-oil Exports -0.05

Non-oil imports 0.15

Note:" p <0.10, ™ p <0.05, ™ p <0.01.
Source: Authors’ Estimates.



88 RESERVE BANK OF INDIA OCCASIONAL PAPERS

non-durables, [IP-general, that are found to be significantly correlated with
either output gap or core inflation. These 12 HFIs are used to compute our first

measure of economic demand, which we name DI-12.

Of these 12 HFIs, 4 HFIs (sales associated with two wheelers, passenger
vehicles, commercial vehicles and farm tractors) pertain to the automobile
industry. On the one hand, this may be beneficial for our case, as these kinds
of sales form a good indicator of the private macroeconomic demand. On
the other hand, this also opens up the risk of making one-third of the total
HFIs prone to fluctuations in one industry. This may prevent our estimate from
being representative of the entire economy. We believe that the degree of this
trade-off will depend on whether these four HFIs are well correlated among
themselves or not. In case they are highly correlated among themselves,
the estimation of latent factor may become more biased towards dynamics

common to the automobile sector.

We find that HFIs pertaining to the automobile sector are well correlated
among themselves (Table 4). Two-wheeler sales share the highest correlation
on an average with other sectoral HFIs. Moreover, commercial vehicle
sales and passenger vehicle sales not only share a high correlation among
each other, but also show nearly same level of average correlation with their
sectoral counterparts. This suggests that the two HFIs possess almost similar
kind of dynamics and removing one of them will not lead to a substantial loss

of information.

In order to reduce the possible bias of the latent factor, we consider a case
in which we drop passenger vehicle sales and two-wheeler sales from the list

Table 4: Correlation among HFIs in the automobile sector

Two- | Passenger | Commercial | Farm

wheelers | vehicles vehicles tractors
Two-wheelers 1
Passenger vehicles 0.67 1
Commercial vehicles 0.61 0.72 1
Farm tractors 0.63 0.37 0.38 1
Average Correlation with other Automobile 0.64 0.59 0.57 0.46
Industry HFIs

Source: Authors’ Estimates.
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of HFIs used for the estimation. Thus, we estimate our model using two sets
of HFIs. One set includes all the 12 HFIs (DI-12) while the other set uses 10
HFIs (DI-10) after excluding passenger vehicle sales and two-wheeler sales?.

1V.4 Final Specification and Estimation

Based on the above analysis, we obtain the final specification of the state

space model as follows:

HFI;; = A;.DI; + shock,§ o erere (D
nfeTe = m"" + B1. DIy + Bo. DIy + B3. AUSD, + ey peore . (2)
DIt = ¢1DIt—y + ¢p2D1; 5 + erp; e 3)
e = ml + e, trend e (4)
USD; = pysp-USD¢—1 + eysp, e (5)

Where, ¢1, d)z, Pusp are the autoregressive coefficients. We use Bayesian
techniques to estimate parameters and factors of the dynamic factor model. As
delineated by Otrok and Whiteman (1998), the essential idea is to determine
posterior distributions for all unknown parameters conditional on the latent
factor and then determine the conditional distribution of the latent factor
given the observables and the other parameters. That is, the observable data
are augmented by samples from the conditional distribution for the factor
given the data and the parameters of the model. Specifically, the joint posterior
distribution for the unknown parameters and the unobserved factor can be
sampled using a Markov Chain Monte Carlo procedure on the full set of
conditional distributions. So the conditional distribution for the factors f; and
parameters § = (1,,T,,I;)) are f16,X and 0 | f, X, where X = (Xp+1-eees X)),

The Markov chain samples sequentially from the conditional distributions
for (parameters/factors) and (factors/parameters) and, at each stage, uses the
previous iterations drawing as the conditioning variable, ultimately yields

2 We also consider an alternative case wherein we drop IIP-general as it is found to be highly
correlated with the other IIP indices and may result in bias of the latent factor. The estimate
demand index in this case (DI-9), however, does not perform better than DI-12 and DI-10 in
predicting core inflation.
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drawings from the joint distribution for (parameters, factors). Thus, the joint

distribution conditioned on the p first observations can be approximated by,

L(X,F | A9, T, Ty xq, ... %X, f,

o« Miper 1T 1E exp =3 (% = AT~ A0)]

B |_% exp {_%(ft YL fe) Ty (fe — ¢(L)ft—1)}

For the estimation, we choose loose priors so that the estimated parameters

are determined more by the data, rather than by the choice of the priors

(Table 5).
1V.5 Data

The data used in the paper pertains to 23 HFIs listed in Table 3, and also

output gap, core inflation, food inflation, change in exchange rate, crude oil

inflation, gold inflation and petroleum inflation for the period 2011:Q1 to

2019:Q4. The data description and sources are presented in appendix Table A.3.

While the HFIs and price indices used in the paper are available at monthly

frequency, most of the empirical analysis is carried out using data aggregated

Table 5: Parameter Estimates

Parameter Prior Prior | Prior Posterior Posterior
Distribution | Mean SD Mean Mean

(with 12 (with 10

indicators) | indicators)
Philips curve: '81 Beta 0.150 0.09 0.1287 0.1308
Core Inflation .82 Beta 0.150 0.09 0.1101 0.1051
O gcore Gamma 0.005 | 0.004 0.0036 0.0035
Demand b1 Normal 0 0.9 1.1255 0.9541
Index ¢2 Normal 0 0.9 -0.3495 -0.2463
Op; Gamma 0.005 | 0.004 0.0040 0.0044
Trend Inflation | O trend Gamma 0.005 | 0.004 0.0014 0.0014
Supply Controls Pusp Beta 0.5 0.15 0.3382 0.3395
Oysp Gamma 0.02 0.01 0.0321 0.0322

Source: Authors’ Estimates.



AN ALTERNATIVE MEASURE OF ECONOMIC SLACK 91
TO FORECAST CORE INFLATION

to quarterly frequency. This is done to ensure comparability of the estimated
results with other conventional measures of slack, which are available only at
quarterly frequency. The data transformation associated with HFIs includes
aggregating them to quarterly frequency, taking log, de-seasonalizing using
X-13 ARIMA and finally applying HP-filter to extract cyclical dynamics.
The inflation figures are calculated by aggregating monthly price indices to
quarterly frequency, taking log, de-seasonalising them using X-13 ARIMA,
and then taking the first difference. This yields the quarter-on-quarter inflation

figures.

Section V
Results

The posterior estimates of some important parameters® are presented
in Table 5. Results pertaining to different variants of the model (DI-10 and
DI-12) suggest that the estimated parameters are robust (in general) to the
choice of HFIs used in the model. This adds credibility to our estimation.

The normalized factor loadings across the two sets of demand indicators
are shown in Chart 3. Factor loadings show the contribution of different
economic indicators in the estimated demand index. Broadly, the economic
indicators related to IIP constitute the highest share in the demand index

Chart 3: Normalized Factor Loadings

SN B N O N
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Steel production |
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o DI-10 o DI-12

Source: Authors’ Estimates.

w

The prior-posterior plots are presented as Chart A.1 in the appendix.
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Chart 4: Demand Indices
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followed by crude steel production and automobile sales indicators. The time-
varying estimates of the estimated demand indices are plotted in Chart 4.

The estimated demand indices are found to move closely with the
conventional measures of economic slack such as HP-gap and capacity
utilization from the OBICUS* (Chart 5).

Chart 5: Different measures of economic slack
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Sources: NSO, RBI and Authors’ Estimates.

* HP-filtered OBICUS CU cycle is used for the analysis in the paper.
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Table 6: Correlation between Core Inflation and
Different Measures of Economic Slack
Demand | Demand HP OBICUS Core
Index (12- | Index (10- | Output | Capacity | Inflation
indicator) | indicator) Gap Utilization
Demand Index (12-indicator) 1
Demand Index (10-indicator) 0.98 1
HP Output Gap 0.79 0.81 1
OBICUS Capacity Utilisation 0.76 0.77 0.59 1
Core Inflation 0.49 0.45 0.26 0.28 1

Source: Authors’ Estimates.

The estimated demand indices are also found to be well correlated
with HP-gap and OBICUS CU (Table 6). In terms of correlation with core
inflation, both demand indices are found to be better than both HP-gap and
OBICUS CU.

Further, regression analysis suggests that the estimated demand indices

have greater explanatory power than other conventional measures of demand

(Table 7).
Table 7: Regression Estimates
O] 2 3) “
pi_core pi_core pi_core pi_core
AR(1) 0.973™ 0.973™ 0.973™ 0.969™
(0.004) (0.004) (0.004) (0.004)
MA(1) -0.963" -0.962™" -0.999™" -0.957"
(0.017) (0.016) (0.000) (0.019)
DI-12 0.314™
(0.089)
DI-10 0.362""
(0.102)
HP-gap 0.116"
(0.0635)
OBICUS_CU 0.089™
(0.030)
Adj. R? 0.651 0.650 0.557 0.613
N 35 35 35 35

Note: Standard errors in parentheses; * p <0.10, ™ p <0.05, ™ p < 0.01;
ARIMA specification has been chosen based on SIC criterion.
Source: Authors’ Estimates.
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V.1 Forecasting Exercise

In this section, we evaluate various measures of economic slack in terms
of their performance in forecasting core inflation, following Coenen, Smets,
and Vetlov (2009). As a first step, we determine the ARIMA specification
that best describes the data generating process of core inflation. We use this
ARIMA specification for generating 1 to 4 quarters-ahead rolling forecasts.
Subsequently, we nest this ARIMA specification with different measures
of economic slack to form different bivariate models (of core inflation and
economic slack measures). The forecasting performance of these different
bivariate models are then evaluated and compared to know whether inclusion
of economic slack helps predict core inflation better or not. If it does, then
which measure of economic slack does it the best? These are some of the

questions which have direct practical utility for the central bank.

The general specification of the bivariate model is as follows,

n.tcgze =a+ b(L)_n.tcore + Indexfconomlcslack + rin

where £71° is the h-period ahead quarter-on-quarter CPI core inflation,

a is the constant term, b(L) is the lag polynomial. Parameters are estimated
using ordinary least squares on recursive samples from 2011:Q1 to 2015:Q4
through 2011:Q1 to 2018:Q4. We then calculate the root mean square forecast
errors (RMSE) of the bivariate models and a univariate ARIMA model of

inflation at forecast horizons (h) of one, two, three and four quarters ahead.

Total number of rolling samples are 13 while total length of our data is
36 quarters (2011Q1-2019Q4). This means we practically use 36 per cent of
our data in conducting and evaluating out-of-sample forecasts. Moreover, the
period 2015:Q4 to 2018:Q4 includes both upturns and downturns in economic
slack (Chart 6).

This ensures that forecasting evaluation/performance is independent of
the state of the economic slack, and lends robustness and credibility to our
forecasting results. The indicative charts for rolling forecast evaluation are
presented below (Chart 7).
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Chart 6: HP-Output Gap
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RMSE results are presented in Table 8. The results suggest that inclusion
of economic slack generates mixed results as far as forecasting core inflation
is concerned. While model with OBISCUS CU performs badly than univariate
ARIMA, model with HP-gap performs better than ARIMA at two, three and
four quarter-ahead horizons. However, the estimated demand indices (DI-10,
DI-12) perform better than ARIMA and model with HP-gap at all forecasting
horizons. Moreover, among the two, DI-10 performs better, making it the best
forecaster of core inflation given the framework and time-period considered

in our study.

Chart 7: Comparison of Core Inflation Forecasts
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Table 8: RMSE of Forecasts

Specification Forecast Horizon

Q1 Q2 Q3 Q4
ARIMA 0.352 0.387 0.416 0.463
HP Output gap 0.359 0.372 0.412 0.410
OBICUS capacity utilisation 0.413 0.461 0.504 0.499
Demand Index (12-indicators) 0.348 0.355 0.396 0.391
Demand Index (10-indicators) 0.320 0.333 0.362 0.370

Source: Authors’ Estimates.

Section VI
Conclusion

Assessing macroeconomic demand conditions is critical for monetary
policy to gauge imminent inflationary pressures. Generally, measures of
output gap, calculated by applying statistical filters on GDP data, are used for
this purpose. However, one of the limitations of these conventional measures
of output gap is that the national accounts data used in their calculation are
released only at quarterly frequency with a lag of approximately two months.
In this paper, we create a macroeconomic demand index using a rich set of
high frequency (monthly) indicators by employing a multivariate unobserved
components model. In doing so, we face a number of modelling choices
regarding different specifications of the structural model, variables used,
and assumptions about the underlying structural processes. We resolve these
questions based on the forecasting ability of the alternate specifications. We
find that the demand index constructed in this paper is a better predictor of
core inflation than conventional measures of economic slack like HP-gap and

capacity utilization.

The constructed measures of demand conditions, not only provide lead
information about the state of economic slack in the economy, but also seem

to be an important indicator of inflationary pressures.
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Appendix

Table A.1: Correlation with lead/lag of output gap

99

HFI HP-gap(-2) | HP-gap(-1) | HP-gap | HP-gap(+1) | HP-gap(+2)
Freight Traffic -0.28 -0.31 -0.30 -0.43 -0.56
(0.12) (0.09) (0.09) (0.01) (0.00)
SCB Non Food Credit -0.39 -0.47 -0.56 -0.62 -0.66
(0.03) (0.01) (0.00) (0.00) (0.00)
M3 -0.22 -0.24 -0.34 -0.31 -0.25
(0.23) (0.18) (0.06) (0.09) (0.17)
91 T-bill avg. yield -0.02 -0.20 -0.31 -0.35 -0.56
(0.91) (0.27) (0.09) (0.05) (0.00)
IIP Intermediate -0.57 -0.35 -0.25 -0.36 -0.29
(0.00) (0.05) (0.16) (0.04) (0.11)
Non-oil Exports 0.07 0.10 -0.05 -0.24 -0.25
(0.69) (0.60) (0.79) (0.20) (0.18)

Note: Figures in parenthesis are p-values.
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Table A.2: Correlation with core inflation

HFI Correlation HFI Correlation
with core with core
inflation inflation
IIP Basic 0.41 Farm Tractor Sales 0.32
(0.0185) (0.0717)
IIP Capital 0.41 IIP General 0.46
(0.0212) (0.0088)
Cement Production 0.14 Government Total -0.10
(0.4593) | Expenditure (0.5758)
Crude Steel Production 0.31 Government Revenue -0.13
(0.0852) Expenditure (0.4906)
Domestic Commercial 0.48 Non-oil imports 0.09
Vehicle Sales (0.0058) (0.6101)
Domestic Passenger Vehicle 0.49 IIP Consumer non-durables 0.30
Sales (0.0043) (0.0927)
Domestic Two Wheelers 0.39 Passenger Traffic Domestic 0.42
Sales (0.0290) (0.0172)
IIP Consumer durables 0.27 Petroleum Consumption 0.28
(0.1289) (0.1205)
Government Tax Revenue 0.24
(0.1930)

Note: Figures in parenthesis are p-values.
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Table A.3: Data description and sources

Variable

Measure

Source

Output gap

23 high-frequency indicators

Core inflation

Food inflation

Change in exchange rate

Crude oil inflation

Gold inflation

Petroleum inflation

HP-filtered Real GDP

Listed in Table 2

CPI combined excluding
food and fuel

CPI combined food
inflation

Change in ¥/$ exchange rate

Change in Indian basket
crude oil price in USD.

WPI-gold subgroup
inflation

WPI-petroleum subgroup
inflation

Ministry of Statistics and
Programme Implementation

CEIC

National Statistics
Organization, Ministry of
Statistics and Programme
Implementation

National Statistics
Organization, Ministry of
Statistics and Programme
Implementation

FBIL reference rate

Petroleum Planning and
Analysis Cell, Ministry of
Petroleum and Natural Gas

Office of the Economic
Adviser, Ministry of
Commerce and Industry

Office of the Economic
Adviser, Ministry of
Commerce and Industry
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Chart A.1: Prior and Posterior Plots of Select Parameters
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Note: Light blue lines depict the priors and dark blue lines represent the posterior distributions; betal and
beta2 are the coefficients of contemporaneous and lagged demand index in equation 2 (in the main text);
phil and phi2 are the autoregressive coefficients in equation 3; rho_USD is the autoregressive coefficient in
equation 5; SE e pi _core, SE e DI 12, SE e pi Trend, SE e USD are the standard errors of the white

noise terms in equations 2, 3, 4, and 5 respectively.
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