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ABSTRACT

This paper examines whether consumer sentiment predicts the excess returns of the
aggregate market and nine industries from the Indonesia equity market. We discover
evidence of predictability for three industries; however, the magnitude of predictability
are heterogeneous. Some sectors are predictable during expansions, whereas others are
only predictable during recessions. There is no evidence of the reversal of the impact of
consumer sentiment on stock returns. We conduct several robustness tests that include
(i) estimating a predictive regression model with a feasible quasi-generalized least
squares—based estimator and (ii) accounting for structural breaks. These tests confirm
the baseline results.
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I. INTRODUCTION

This study examines whether consumer sentiment predicts Indonesia’s stock
returns. A number of studies suggest that consumer sentiment is highly correlated
with real economic activity and that it contains vital information about the
future and current states of the economy (Romer, 1990; Throop, 1992; Ludvigson,
2004; Chen, 2011). Few other studies examine the relation between stock returns
and changes in consumer sentiment (Lee et al., 2002; Fisher and Statman, 2003;
Jansen and Nahuis, 2003; Baker and Wurglar, 2006; Lemmon and Portniaguina,
2006; Schmeling, 2009). The evidence from these studies indicates that consumer
sentiment predicts stock returns.

This study contributes to the literature in two distinct ways. First, most studies
examining the relation between consumer sentiment and stock returns focus on
the aggregate market index and ignore the heterogeneity among industries. Recent
studies on industry return predictability (Narayan and Bannigidadmath, 2015;
Bannigidadmath and Narayan, 2016; Phan et al., 2019) indicate that predictability
is industry specific. We therefore explore this angle by considering nine industries
in our analysis. Second, most studies on predictability are from developed markets
(for a review of the literature, see Rapach et al., 2010). The literature is scarce when
it comes to emerging markets (Narayan et al., 2015, 2016b; Phan et al., 2019).!
Only recently, Phan et al. (2019) have examined the predictability of Indonesia’s
industry returns, using macroeconomic variables as predictors. We contribute to
this literature by investigating whether changes in consumer sentiment predict
Indonesia’s industry returns differently.

The empirical analysis involves the following steps. First, we estimate the time
series regression models using a change in consumer sentiment as a predictor
and excess returns as the dependent variable. Second, we account for Indonesia’s
business cycles and examine whether any differences in predictability exist
between expansions and recessions. Third, we conduct anumber of robustness tests
to ascertain our baseline results. This involves using Westerlund and Narayan's
(2012, 2015) feasible generalized least squares—based estimator for predictability
tests. In additional robustness tests, we re-estimate our main results by accounting
for structural breaks identified using Bai and Perron’s (2003) sequential SupF
statistic.

This study finds the following results. First, this study provides fresh evidence
on the link between consumer sentiment and the Indonesian equity market. We
find evidence of predictability for three industries: consumer goods, consumer
services, and oil and gas. This indicates the importance of considering an industry
analysis rather than focusing only on the aggregate market. Second, we find
variations in the magnitude of predictability across sectors. The magnitude of
predictability is highest for the oil and gas sector and the lowest for the consumer
goods sector. This result is consistent with the gradual diffusion hypothesis of
Hong and Stein (1999) and Hou (2007), which states that information diffusion is
slow in certain sectors, leading to differences in predictability among industries.

! Debata et al. (2018) examine the relation between emerging stock market liquidity and investor
sentiment by considering an analysis of Indonesian aggregate market data. Our paper differs from
theirs, because ours focuses on excess return predictability.
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Third, we find that the impact of consumer sentiment on returns persists since
there is no evidence of reversal of the effect of consumer sentiment on returns.
Fourth, we test for predictability considering Indonesia’s business cycle and arrive
at similar results. A range of robustness tests reveals that the main findings still
hold.

The remainder of the paper is organized as follows. Section II discusses the
data and the empirical framework. The main findings and robustness tests are
presented in Section III. Section IV draws our concluding remarks.

II. DATA AND METHODOLOGY

This study uses monthly data on Indonesia’s stock index returns and the consumer
sentiment index obtained from Datastream and Federal Reserve Economic Data
(FRED). The sample period of the data is from March 2003 to April 2019. The
monthly prices of the aggregate market index and nine industries (basic materials,
consumer goods, consumer services, financials, health care, industrials, oil and
gas, technology, and telecommunications) are downloaded from Datastream. The
data for the utility sector start in July 2004. We therefore exclude the utility sector
from our analysis. The consumer sentiment index and risk-free rate for Indonesia
are downloaded from FRED.? Indonesia’s three-month interbank rate is used as a
proxy for the risk-free rate to compute excess returns.

The empirical model is motivated by the recent literature that investigates the
impact of textual analysis-based news sentiment on stock returns (Garcia, 2013;
Narayan and Bannigidadmath, 2017). The approach involves estimating the time
series regression model with excess returns of the aggregate market or industry as
the dependent variable:

5 5 5
Rt=a+/3]. E ‘ 1Sentimentt_j+6j E ‘ 1Rt_j+9j E ‘ 1R§_j+£t )
j= j= j=

where R, represents the excess returns for the aggregate market and the nine
industries and Sentiment refers to change in the consumer sentiment index. Lagged
industry returns are included to capture serial correlation. The volatility of the
returns is controlled for by using squared returns. A Newey—-West (1987) procedure
is used to correct standard errors for autocorrelation and heteroskedasticity, using
a maximum of 12 lags.

In additional tests, we ascertain the robustness of our findings by using
Westerlund and Narayan’s (2012, 2015) bivariate predictive regression model.?
The main advantage of this model is that it addresses the issues of persistency,
endogeneity, and heteroskedasticity prevalent in the data. It could be argued
that Equation (1) suffers from an endogeneity problem, and, therefore, the results

2 FRED can be accessed at https://fred.stlouisfed.org/categories/3226

> This model has been widely used in predicting stock returns. For a detailed discussion on this model,
see Narayan et al. (2014), Narayan and Gupta (2015), Narayan and Sharma (2015), Narayan et al.
(2015), Phan et al. (2015), Narayan et al. (2016a), Devpura et al. (2018), Narayan et al. (2017), Phan et
al. (2018), and Narayan et al. (2018).



Bulletin of Monetary Economics and Banking,
4 Volume 23, 13" BMEB Call for Papers Special Issue (2020)

could be biased. We address this issue by using the feasible quasi-generalized least
squares based estimator (FQGLS) for predictability tests.

ITII. EMPIRICAL RESULTS

A. Preliminary Analysis

A plot of the consumer sentiment index is presented in Figure 1. The index dropped
to a low of 47 points during the global financial crisis period. The descriptive
statistics of the excess returns for the aggregate market and nine industries are
presented in Table 1. The mean return of the market in excess of the risk-free rate
is 0.397%. The mean returns of the industries vary from -1.917% for the oil and gas
sector to 0.354% for the financial sector. The returns of the oil and gas sector are the
most volatile, and those of the telecommunications sector the least volatile.

Figure 1.
A Plot of Indonesia’s Consumer Sentiment Index

This figure shows the plot of the time series consumer sentiment index for Indonesia. Monthly data is extracted from
the Federal Reserve Economic Data for the sample period 2003M03-2019M04.
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The AR(1) coefficient and the autocorrelations of squared returns are reported
in columns (6) and (7) of Table 1. The AR(1) coefficient is close to one for all the
variables, indicating that the returns are highly persistent. The autocorrelation of
the squared variable suggests the presence of ARCH effects. The statistics reported
in column (7) suggest the strong presence of ARCH for the market and five sectors.
Lastly, the unconditional correlations between changes in consumer sentiment and
excess returns are reported in the last column. The p-values reported in parentheses
indicate that changes in consumer sentiment are positively correlated with basic
materials and the consumer services sectors. The magnitude of the correlation
coefficient varies between industries, suggesting that consumer sentiment could
predict industry returns differently.
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Table 1.
Descriptive Statistics of the Aggregate Market and Industries

The table reports the descriptive statistics of excess returns for the aggregate market and nine industries considered
in the empirical analysis. The data is monthly and covers the sample period 2003M03-2019M04. The statistics — mean,
standard deviation, skewness, kurtosis, the first-order autoregressive coefficient, and the autocorrelation of returns
are reported in the table. The p-value corresponding to the Ljung-Box Q-statistic that tests the null hypothesis of
no autocorrelation is reported in parenthesis. The unconditional correlation of excess returns with the change in
consumer sentiment index is reported in the last column of the table.

Mean Std. Skew. Kurt AR(1) AC Unconditional

dev ) " coefficient (Q-stat) Correlation
Aggregate Market 0.397 5910 -1.898 14.552 0.993 0.178 (0.025) 0.076 (0.342)
Basic Materials -0.829 13.121 -1.138  9.002 0.971 0.583 (0.000) 0.142 (0.076)
Consumer Goods 0171  9.126 -2.149 18.189 0.976 0.092 (0.244) 0.041 (0.613)
Consumer Services -0.584 10.644 -0.331 5.178 0.975 0.234 (0.003) 0.149 (0.063)
Financials 0354 8944 -0.809 7.203 0.983 0.144 (0.068) 0.052 (0.516)
Health Care 0129 10651 -0.626 11947 0984 0014 (0.856)  0.018 (0.821)
Industrials -0.147 10.618 -2.495 22505 0.964 0.073 (0.357) 0.106 (0.188)
Oil and Gas 1917 14282 0071 5930 0965  0327(0.000)  0.081(0.313)
Technology -0.143  8.618 -1.743 14.575 0.951 0.250 (0.002) 0.088 (0.274)
Telecommunications  -0.412 7780 -0.603  7.343 0.925 0.078 (0.325)  -0.033(0.680)

B. Evidence from Time Series Regression Models

The results for the aggregate market and nine industries with changes in consumer
sentiment as the predictor are reported in Table 2. The last column reports the
results for the null hypothesis test Z —2B; = 0. The sign and statistical significance
of the coefficient indicate whether the impact of the consumer sentiment on
industry returns at lag t-1 is permanent or temporary.

Table 2.
Impact of the Change in Consumer Sentiment for the Full-sample Period

This table reports the results of excess return predictability based on the change in consumer sentrment index. The
table reports the coefficients ﬁ] from the model: R, = a + ﬁ Z] 1 Sentiment,_; + §; Z] 1R+ 6; Z, 1 R? _j + &. Here,
Sentiment refers to the change in the consumer sentiment /index. R, represents the excess returns for the aggregate
market and the nine industries. The data is monthly and covers the sample period 2003M03-2019M04. The ¢-statistic
testing the null hypothesrs that f=0 is based on standard errors corrected for heteroskedasticity and autocorrelation
of up to 12 lags using the Newey -West (1987) procedure. The Wald test results, testing the null hypothesis that
o, B; = Oare reported in the last column. The F-statistic is reported in square brackets.

B, B, B, B, B; R - 2” =0
Aggregate Market 0.008 0.016 -0.042 0.031 -0.096 0.022 -0.091
(0.198) (0.339) (-1.140) (0.777) (-1.509) ’ [0.827]
Basic Materials 0.066 0.187 -0.088 0.13 -0.246 0.009 -0.019
(0.524) (1.434) (-1.278) (0.787) (-1.626) ’ [0.007]
Consumer Goods 0.101 0.048 -0.042 0.099 -0.17 0,049 -0.065
(2.086) (0.775) (-0.911) (1.676) (-1.479) ’ [0.147]
Consumer Services 0.184 -0.004 0.084 0.055 0.014 0.022 0.148
(2.167) (-0.061) (0.993) (0.620) (0.116) ’ [0.802]
Financials 0.006 0.046 -0.069 0.099 -0.116 0.024 -0.040
(0.088) (0.719) (-0.799) (1.022) (-1.106) ’ [0.031]
Health Care -0.009 0.046 -0.149 0.129 -0.228 0.049 -0.202
(-0.176) (0.636) (-2.654) (3.025) (-1.505) ’ [0.714]
Industrials -0.046 -0.049 -0.126 0.021 -0.132 0.007 -0.287
(-0.580) (-0.629) (-1.918) (0.288) (-1.133) ’ [3.054]
QOil and Gas 0.313 0.086 -0.076 -0.055 0.173 0,051 0.128

2.603) (0965  (-0442)  (-0344)  (1L.077) [0.092]
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Table 2.
Impact of the Change in Consumer Sentiment for the Full-sample Period (Continued)
B, B, B, B, Bs R j= ZB =0

Technology 0.058 0.036 -0.062 0.076 -0.128 0.030 -0.078
(1110)  (0.651)  (-1.175)  (1416)  (-1219) [0.243]

Telecommunications ~ -0.053 0.016 -0.067 0.067 -0.084 0.017 -0.068
(0.822)  (0297)  (-1.291)  (1.289)  (0.838) [0.230]

The results have three important features. First, there is no evidence of
predictability for the aggregate market. However, we find that one-period-lagged
changes in consumer sentiment positively predict returns for three out of nine
industries (oil and gas, consumer goods, and consumer services). Second, the
magnitude of predictability is highest for the oil and gas sector and the lowest
for the consumer goods sector. This difference in predictability among industries
is consistent with the literature on industry return predictability (Narayan and
Bannigidadmath, 2015; Phan et al., 2019). These studies document that the
predictability of industry returns using financial ratios and macroeconomic
variables differs among industries. The underlying economic intuition is that
information diffusion is slow in certain sectors, leading to differences in return
predictability across industries (e.g., Hong and Stein, 1999; Hou, 2007). Third,
for industries with evidence of predictability, we examine whether the Wald test
results in the last column of Table 2 are statistically significant.* We find that the
sum of lagged coefficients is not statistically significant, indicating a persistent
impact of consumer sentiment on industry returns.

C. Effect of Consumer Sentiment along the Business Cycle

A number of studies document higher return predictability during recessions
than during expansions (Rapach et al., 2010; Narayan and Bannigidadmath, 2015).
Fama and French (1989) contend that the degree of risk aversion increases during
recessions, inducing investors to demand higher returns during recessions. This
leads to significant differences in return predictability across business cycles.
We therefore use the following regression model to test differences in return
predictability during the expansions and recessions.

5 5 5
Ri=a+(1-bc) (ﬁ Sentiment,_; + 6-2 Ry j+ B-Z Rf_j)
j=1
5
+ bc (y Sentiment,_; + . Z R+ ; Rt_]) +& (2)
j=1 j=1

where bc is a dummy variable with a value of one during recessions and zero
during expansions. We consider the OECD business cycle data for Indonesia
downloaded from FRED.

* The Wald test results capture the sign and statistical significance of coefficients from lag 2 to lag 5. If
the sum of coefficients from lag 2 to lag 5 is of opposite sign to the lag 1 coefficient and is statistically
significant, then there is return reversal and the effect of consumer sentiment does not, therefore,
persist.



Consumer Sentiment and Indonesia’s Stock Returns

Fpe1]  lzrctl  lzerol  (sp1-) (65200 (10017  (£F2¢0) (#8700  (8zv0)  (cz60)  (s#80-) (1F1°0) (646’17

9500 . : . . . : . : . . . : . SUOHEIINWWOOD[R]
861'0-  90€0-  T900  T6CO- 1800  ZITO-  TC00 1900  0€00 900  SHOO- 6000  LSTO-

copo  Gpel [eogal leco0l  (@zvr) (@0 (e0eT) (€D (6c8D)  (ee0)  (L680)  (szo) (0009 (810°0) £Sojoupa
STr0- 16C0-  9€00  I¥E0-  €0U0  ¥9T0-  TII0  FTLO  ZI00-  TZ00  FI00-  ¥000-  T00°0-

cioo  leestl [p1ool  fesyol  (@ogo-)  (9r0-) (89T07)  (ecwD  (6£60)  (02LT)  (9920) (8850)  (G0z0)  (88€7D) s pUE 110
L6T0  6010-  I€C0  [9T0-  0S00-  SOTO-  ¥ITO  €2I0  FTEO0  9F00-  6900-  TWD0  08€0

oo l09z0l lsgrel lzezol  (ev1)  (eee0r) (881T)  (981°0) (#69°0)  (£200)  (98£0) (g6eT) (18607 (£610-) S[ermsnpuy
€I0  8490- 600~  IIF0-  €500-  T8T0-  0€00-  IFLO- 1000 000  9600-  ¥S00-  6L00-

cgpo 189901 (8981l le990l (uer)  (erew)  (wvT)  (@L0)  (68T0)  (€p0T)  (9p€T)  (coc0)  (90)  (180T) _—
8900-  T040- 6800  10S0-  IFLO  960- 00 1200  S800-  OPI0  8200-  T900 KO-

g0 ovol loszol fezrol (6691 (@¥60) (8€0°T)  (€9£0)  (0zw0)  (I1r0)  (909°0)  (61z0)  (S1€0)  (0€S0-) s[epueuL
1600-  8¥T0- 000  €9€0- 8610  SI'0- 600  8¥00 6000 0900  IZ00- €200  €H00-

oo L0evol lezeol foorol  (or1)  (gern)  (wTo) (€161 (£80) (D (GTe)  (0680) (UITT) (66 oo owmsuon
W0r0 €60 T00  TETO-  8TCO0  9€00  I8T0 G600  OEL0  ¥T00- 1600  SOT0-  Z6T0

oo 0601 le@vol [eol (6wl (ev0) (90T (850D (16T (€880) (€D (2900)  (0FTO)  (€E80)  ooc oumsuon
9600~ €6€0- 6400  9/€0- 6500  T0-  90I'0  0SI'0  I900-  £I'0  2000- 9100 €500

gzoo lceeol [ssool foertl (k01 (S640) (€861 (908D (LLT0)  (9eLT) (69507) (€200 (9s50)  (0g€D) SEHSIEp 1eg
U0 I6I0 €810 OV90-  FTS0  Te€0- 6090  9600-  I800-  IS00-  2000- 6800 9600

oo el legool ozl (1610 (ev0) (€0 (998D (S6eD) (BL60)  (66v0)  (9980) (GLT0) @I90) e seaniegy

980°0- ¥61°0- €v0°0- €veo- 7700 S90°0- 0200 €500 0200~ 8200 Ge0'0- 910°0- €€0°0-
=) =
N H\HHHQ cuf cu.\n N [ v [ iy 1 mQ _ﬁ MQ NQ MQ
H S

S}Insal }S93 pJeM D [aued SUOISSII3Y g [due] wﬂcmwﬁwnmxm 'V [oued

‘sjoyeIq axenbs ur pajrodar st onsne)s-4 Surpuodsariod ayy pue sjMsar s} prep Y, -danpasoxd
(£861) 159M-KamaN a3 Sursn sSef 7T 03 dn Jo UOTIR[PIIOd0INE PUe AJDTSEPINSOINAY 10] PIJIILIOD SIOLID PIEpUE)S U0 paseq st (=4 pue o='d yeu srsaqjod Ay [inu oy Sumysa) dnsryess- L.
FOIN6T0Z—C0INE00T Potrad afdures ayj s19400 pue AJyjuouw s ejep Y], "suorsuedxa 10§ () pue SUOISSIIII 10§ | JO IN[BA B S3XB} I "0 J[qRLIBA AWWND JUf} D1LIISUOD 0} PASN ST eje(] dIWOU0dH
SAISSIY eI, WOy PIjORIIXe BISOUOPU] 10§ Bjep 9Ad ssaursng (OFO YL ‘SOLISNPUI SUIU 9U3 pue joxIew 2jeSaidSe oyj 10§ SUINIAL SSa0xd oy syussarder 'y Xxopur juswnuas
19UmSu0d oy 1 dBueY o O} SIRJRI JuaIIS OIH 3 + (I T M+ (g IR i+ Fauownauag =R 'A) 0g + (i IR g + 1y R Y + Huounmuas SR ') (04 — 1) + 0 =
epowr Ay}  woiy A pue 'd sjuepypeod  ayp  opA>  sseuisng oYy ssome  Aqeprpard winjor  ssaoxa  jo  synsar oy sypodar  9[qe;  SmyL

34D ssaursng dYj SSONY JUSWIUIG I_dWNSU0)) ut 3guey)) 3y} jo pedury
"€ d[qeL



Bulletin of Monetary Economics and Banking,
8 Volume 23, 13" BMEB Call for Papers Special Issue (2020)

The results of the above regression model are reported in Table 3. Panel A
(B) reports the coefficients and corresponding f-statistics during expansions
(recessions). Panel C reports the Wald test results. We find that one-period-
lagged changes in consumer sentiment predict returns for three industries (oil
and gas, consumer services, and telecommunications) during expansions and
two industries (consumer goods and technology) during recessions. Oil and gas,
consumer services, and consumer goods are also the industries that are predictable
from our main results. The Wald test results in the first two columns of Panel
C indicate no reversal of the impact of consumer sentiment on industry returns.
The Wald test results in the last column show whether the one-period-lagged
coefficient of change in consumer sentiment during expansions is equal to the
one-period-lagged coefficient of change in consumer sentiment during a recession.
There is no evidence of any significant differences in return predictability across
business cycles. However, the results indicate that certain sectors are predictable
only during expansions, and other sectors only during recessions. These results
are consistent with those of Kadan et al. (2012), who argue that macroeconomic
cycles do not affect all sectors evenly and, therefore, industry return predictability
reveals additional information that cannot be captured from aggregate market
return predictability.

D. Robustness Tests

A number of robustness tests are conducted to confirm the baseline results. It could
be argued that the model represented in Equation (1) suffers from an endogeneity
problem. We therefore undertake an analysis by using Westerlund and Narayan's
(2012, 2015) FQGLS-based estimator for predictability tests. This model takes
care of the persistency, heteroskedasticity, and endogeneity issues present in the
data. The results in Table 4 indicate evidence of predictability for three industries:
consumer goods, consumer services, and the oil and gas sectors. The magnitude
of predictability is highest for the oil and gas sector, and lowest for the consumer
goods sector. These results corroborate our main findings.

Table 4.
Predictability Tests using the FQGLS Estimator

This table reports the results of excess return predictability by using a bi-variate predictive regression model with a
change in consumer sentiment as the predictor of excess returns for the aggregate market and nine industries. The
Westerlund and Naryan (2012, 2015) FQGLS estimator is used to make the inference. The data is monthly and covers
the sample period 2003M03-2019M04.

Coefficient t-statistic
Aggregate Market 0.024 0.461
Basic Materials 0.099 0.375
Consumer Goods 0.127 1.665
Consumer Services 0.179 2.017
Financials 0.029 0.371
Health Care 0.040 0.427

Industrials -0.003 -0.026
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Table 4.
Predictability Tests using the FQGLS Estimator (Continued)
Coefficient t-statistic
QOil and Gas 0.261 2.301
Technology 0.075 1.073
Telecommunications -0.030 -0.427

In additional robustness tests, we run our main model, presented in Equation
(1), after accounting for structural breaks. The literature provides substantial
evidence to support the presence of structural instabilities in the financial data
(see Devpura et al., 2019, and references therein). The source of such instabilities
could be the changes in policy leading to major industry and/or macroeconomic
shocks. Therefore, there could be differences in predictability before or after a
structural break. In our empirical tests, we allow for a maximum of one structural
break in excess returns, using Bai and Perron’s (2003) sequential SupF statistic.®
Table 5 presents the results along with the structural break dates. We find evidence
of predictability for the consumer services sector before the structural break
occurs. The returns of the oil and gas, consumer goods, and technology sectors
are predictable after the occurrence of a structural break, whereas the returns of
the consumer services sector are predictable before the occurrence of a structural
break. The baseline results indicate evidence of predictability for the oil and gas,
consumer services, and consumer goods sectors. The robustness tests largely
corroborate our baseline results.

Table 5.
Impact of the Change in Consumer Sentiment by Accounting for Structural Breaks

This table reports the results of excess return predictability by accounting for structural breaks obtained using
Bai and Perron (2003) test. The following regression model is estimated before and after the structural break:
R.=a+ ﬁj Z,S:lSentiment[_j +6; Z,S:l R +0; Zle R?_j + €. Here, Sentiment refers to the change in the consumer
sentiment index. R, represents the excess returns for the aggregate market and the nine industries. The table reports
the structural break dates, the one-period lagged coefficient of the change in consumer sentiment index, and the
R-squared from the model. The data is monthly and covers the sample period 2003M03-2019M04. The f-statistic
testing the null hypothesis that =0 is based on standard errors corrected for heteroskedasticity and autocorrelation
of up to 12 lags using the Newey-West (1987) procedure.

Bef Aft
Structural Break elore o
B, R B, LS
-0.013 0.085
Aggregate Market 2010M09 (:0.220) 0.048 (1.648) 0.041
. . 0.044 0.145
Basic Materials 2013M03 (0.240) 0.01 (L111) 0.072

° Bai and Perron’s (2003) test does allow for multiple structural breaks in the sample. However, we
consider a maximum of one break, due to the very short sample period. The intention here is to
identify the break dates, to analyze subsample predictability. Allowing for more than one break will
result in multiple subsamples with very short periods, such that the predictability test results are no
longer meaningful. Narayan and Popp (2010) two structural break test would also have been ideal
(see Narayan and Popp, 2013). Narayan (2019) follows a similar procedure to analyze the robustness
of stock return predictability by using oil price news as a predictor.
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Table 5.
Impact of the Change in Consumer Sentiment by Accounting for Structural Breaks
(Continued)
Before After
Structural Break 5. R 3 R
Consumer Goods 2010M03 (851;33) 0.094 (g}%) 0.107
Consumer Services 2010M12 (gig;) 0.043 (ggﬁ% 0.037
Financials 2010M04 (:8(5)23) 0.055 ((1);;2) 0.092
Health Care 2010M10 (:g(z)gg) 0.073 (ggig) 0.040
Industrials 2009M09 (:gég) 0.010 (gigg) 0.048
Oil and Gas 2008M10 (géég) 0.234 (gggg) 0.054
Technology 2009M12 (82?11) 0.055 ((l);?) 0.090
Telecommunications 2006M03 (:(l);gg) 0.072 (:(0)23132) 0.026

E. Implications

The results have two important implications. First, investors can utilize an
FQGLS-based estimator to devise a trading strategy based on changes in the
consumer sentiment index. Our main results suggest that only specific sectors
are predictable. This finding will enable investors to focus on those particular
industries and enhance their portfolio performance. Second, our analysis reveals
that, in Indonesia, oil and gas is the most predictable sector. This has been the
most volatile industry, driven by both domestic and global factors. Although
Indonesia has significant energy resources, including oil, it has been a net exporter
of oil for the larger part of our sample, since 2004. This is due to the increase in oil
consumption relative to oil production. The Indonesian government is working
on changes in regulations to boost this sector. Our results indicate that consumer
sentiment predicts oil and gas sector returns. Therefore, it is vital for policymakers
to take into account the impact of any changes in regulations on consumer
sentiment and the oil and gas sector returns.

IV. CONCLUSION

This paper investigates whether Indonesia’s aggregate market and nine industry
returns can be predicted by the consumer sentiment index. We use monthly data
for a sample period from March 2003 to April 2019. Our empirical approach
involves estimating time series regression models, using a change in consumer
sentiment as a predictor and excess returns as the dependent variable. First, our
results indicate that changes in consumer sentiment do not predict excess returns
in the Indonesia market index; however, we find that one-period-lagged changes
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in consumer sentiment positively predict returns for three sectors, namely, oil
and gas, consumer goods, and consumer services. This result suggests that it is
vital to consider industry analysis rather than focusing only on the aggregate
market. Second, the findings indicate that predictability is heterogeneous, in that
the magnitude of predictability is highest for the oil and gas sector and lowest
for the consumer goods sector. This difference in predictability among industries
is consistent with the recent literature, which documents that the predictability
of industry returns using financial ratios and macroeconomic variables differs
among industries. Lastly, for industries with evidence of predictability, we test for
reversal of the impact of consumer sentiment on industry returns. We find that the
impact of consumer sentiment on industry returns persists and is not temporary.
A range of robustness tests reveals that the main findings hold.
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