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ABSTRACT

Stock prices declined abruptly in the wake of the Covid-19, reflecting both the deterioration of
investors’ expectations of economic activity as well as the surge in risk aversion. In the following
months, however, economic activity remained sluggish while equity markets bounced back. This
disconnect between equity values and macro-variables can be partially explained by other factors,
namely the decline in risk-free interest rates, and -for the US- the strong profitability of the I'T sector.
As a result, an econometrician forecasting economic activity with aggregate stock market variables
during the Covid-crisis is likely to get poor results. Our main contribution is thus to rely on sectorally
disaggregated equity variables within a factor model in order to predict US economic activity. We
tind, first, that the factor model better predicts future economic activity compared to aggregate equity
variables, or to conventional benchmarks used in the literature, both in-sample and out-of-sample.
Second, we show that the strong performance of the factor model comes from the fact that it filters
out the “expected returns” component of the sectoral equity variables as well as the foreign
component of aggregate future cash flows. The constructed factor overweights upstream and “value”
sectors that are found to be closely linked to the future state of the business cycle.*
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NON-TECHNICAL SUMMARY

After the Covid shock in March 2020, aggregate stock prices declined abruptly, reflecting both the
deterioration of expectations of future economic activity as well as the surge in risk aversion. In the
following months, however, and to the surprise of many, whereas economic activity remained
sluggish, equity markets bounced back sharply. As a result, an econometrician forecasting economic
activity with aggregate stock variables during the Covid-crisis would likely have obtained poor results.

The idea of this paper is to rely, within a factor model, on sectoral stock variables to predict future
Industrial Production (IP) growth in the US. Surprisingly enough, whereas disaggregated equity data
is easily available without lags, to our knowledge the literature on factor models rarely relies on
sectoral stock data, and never estimated specifically a factor out of sectoral equity variables only. This
paper constitutes thus the first application of a factor model to extract the predictive content from
these sectoral equity variables.

On the result side, we find first that our factor based on sectoral dividend yields (DY) better predicts
IP growth, as compared to the same variable measured as an aggregate and to other conventional
benchmark models (both in-sample and out-of-sample, and at various horizons, see Graph below).
Second, we show that our model improves forecasting accuracy because it filters out the noisy
components of equity variables, namely the expected returns/discount rate component, as well as the
foreign component of aggregate future cash flows.

Third, we are able to identify the sectors that provide additional forecasting power. Specifically, we
find that our factor model overweights upstream sectors (primary industry and other industrial inputs)
and “value” sectors, as the latter are found to be closely linked to the US business cycle.

To conclude, we find that the factor model is better able to forecast IP, and particularly so during
periods of negative growth. As a consequence, our model has greater precision exactly at times of
economic stress. For practioners (policymakers or central bankers for example) this attribute is of
particular importance given that these periods are often characterized by elevated macro-uncertainty
and the need for reliable business cycle predictions.

Out-of-Sample RMSE from the different estimated models
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Note: On the graph are represented the Out-of-Sample RMSE of different models (the factor model or

univariate regressions relying either on the aggregate DY, on the lagged IP growth or on the term spread). The
predicted variable is the IP growth over 12, 18 and 24 months.

Banque de France WP #903 ii



Prévision macroéconomique a I’aide du
signal tiré des données sectorielles des
marchés actions

RESUME

A la suite du choc du Covid-19, les marchés actions ont fortement décliné. Toutefois, sut les mois
qui suivirent, alors que Iactivité économique restait morose, les indices boursiers augmenterent
significativement. Cette apparente déconnexion entre les marchés actions et les variables macros
peut étre en partie expliquée par d’autres facteurs, notamment par la baisse des taux sans risque
sur la période ainsi que, pour les Etats-Unis, par la forte profitabilité du secteur du numérique. Par
conséquent, un économetre essayant de prédire I'activité économique a I'aide des données actions
agrégées durant la crise du Covid aurait certainement eu de mauvais résultats. La principale
contribution de ce papier est ainsi d’utiliser les données actions sectorielles, dans le cadre d’un modele
a facteurs, pour prédire Iactivité économique américaine. Nous trouvons premicérement que notre
mode¢le a facteurs fournit des prévisions plus précises notamment par rapport aux variables
agrégées du marché actions. Deuxiémement, nous montrons que la surperformance de notre
modele provient du fait qu’il filtre les composantes du marché actions ne reflétant pas les
anticipations d’activité économique (les variations du taux d’actualisation et la composante des
futurs dividendes liée aux activités a ’étranger des firmes US). Enfin nous relions également la
capacité prédictive de notre modele au fait quiil surpondere les secteurs situés en amont des
processus de production industriels.

Mots-clés : modeles a facteurs; marchés actions; prévision macroéconomique
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papers employing factor models based on large sets of variable seldom go beyond using aggregate stock indices
(Barhoumi, Darné and Ferrara, 2010, Jardet and Meunier, 2022).

We obtain three main results, relating to forecasting performance.

First, we find that a factor based on sectoral dividend yields (DYs) better predicts industrial production (IP)
growth, as compared to the same variable measured as an aggregate. That factor model also typically
outperforms conventional benchmark models, such as the term spread or the lagged IP growth, particularly
during times of negative IP growth. This is true at the 12, 18 and 24 month horizons, and both in- and out-of-
sample. We also find that our factor model helps to improve the forecasting accuracy of a widely used factor
model & la Stock and Watson (2002) that relies on a vast number of macro-financial variables (but not on sectoral
equity indices). Interestingly, our finding generalizes to a number of other countries.!

Second, relying upon the present value formula of Campbell and Shiller (1988), we conclude that our model
improves forecasting accuracy because it filters out the expected returns/discount rate component of the sectoral
equity variables, as well as the foreign component of aggregate future cash flows. We attribute the elevated
outperformance of our factor model, especially during periods of negative IP growth such as during the Covid
pandemic or during the Global Financial Crisis, to this filtering out of extraneous information. As expected
returns are more volatile in recessionary states (Henkel et al., 2011) they tend to particularly affect the
forecasting accuracy of the aggregate DY during these periods, but not of our factor model.

Third, we are able to identify the specific sectors that provide additional forecasting power. Specifically, we
find that our factor model overweights upstream sectors (primary industry and other industrial inputs) and
“value” sectors, as the latter are found to be closely linked to the US business cycle (Zhang, 2005, Koijen, Lustig
and van Nieuwerburgh, 2017, Xu, 2018). Our model’s superior forecasting performance during periods of
negative IP growth makes sense given the overweighting of cyclically sensitive sectors.

In the following section, we present the basic theory placed in the context of the literature. In Section 3 we
present the empirical model and detail the data used in the analysis. Section 4 provides a set of in-sample results,
and Section 5 a corresponding set of out-of-sample results. We draw out the economic implications of those
results in Section 6. Concluding Remarks are contained in Section 7.

2. Background

2.1 Theoretical Framework

When using aggregate financial measures to predict economic activity, one wants the factors influencing the
financial variables to correspond to the appropriate macroeconomic variable. Since our objective is to forecast
US economic activity, we want our financial predictor to reflect solely US activity. In order to extract the US
component, we rely upon the present value formula of Campbell and Shiller (1988), a decomposition that has
been widely used to model equity returns (see Campbell and Ammer, 1993, Vuolteenaho, 2002, and van
Binsbergen and Koijen, 2010).

More precisely, DYs (x;) can be decomposed into two factors: expected returns (or discount rates) and expected
cash flow growth likewise:

K .
Xe =7 + Z p]_lEt[rt+j — Acfiijl
— p j=1

! The outperformance also extends to specifications including some measure of volatility, such as the VIX. This point, as
well as the results regarding other countries industrial production growth, are discussed in the Section 5.1.



Where E.[r.,;] represents expected returns and E.[Acf;,;] expected cash flows (x and p are constant
parameters). One could also decompose the cash flow component into two sub-components: one depending on
the domestic activity of the firm, E.[Acfp.4;], and the other one stemming from its foreign activity,
E¢[AcfF 4], such that we would get:

K
1-p
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Note eventually that a similar decomposition can be applied to other equity variables, such as price-earnings or
book-to-market ratios.

In order to forecast future aggregate returns, Kelly and Pruitt (2013) underline that the usual predictive
regressions of aggregate future returns and aggregate dividend growth on aggregate DY

Tegn = Qq + P1Xe + Up i

Acfipn = az + Boxe + Uppqn

are misspecified, since the aggregate DY both reflects expected returns and expected cash flows, while they
would like this variable only to reflect the former (when predicting aggregate returns), or the latter (when
predicting aggregate dividend growth).

Relying on disaggregated book-to-market ratios, which can also be decomposed with the Campbell and Shiller
(1988) formula, Kelly and Pruitt (2013) estimate a factor model via Partial Least Squares on that appears to
predict accurately future aggregate returns and future aggregate dividends. They explain the improved accuracy
by the fact that the factor model, by overweighting or underweighting certain sectoral book-to-markets, filters
out the expected cash flow component while predicting future aggregate returns (and vice versa when predicting
future aggregate dividends).

In an approach similar to theirs, we implement the same filtering to extract a factor to predict future economic
activity. In our case we want the factor model to not only filter out the expected returns component, but also the
foreign cash flow component. Implicitly, we assume that the domestic cash flow component represents a good
proxy for domestic US economic activity. We also assume that this filtering is possible because sectoral DYs
are informative about future aggregate cash flows. We return to this point more formally in Section 9.1 of the
Appendix.

2.2 Selected Literature Review

There are three strands of the literature relevant to our contribution. The first is the literature using stock prices
to predict economic activity. The second is the use of factor modeling for forecasting purposes. The third focuses
on how expectations regarding future economic activity affect the cross section of returns.

Turning to the first strand, the theoretical arguments underlining the predictive power of stock prices are twofold
(Croux and Reusens, 2013). On one hand equity prices are inherently forward looking and should therefore
reflect investors’ expectations of future economic activity. On the other hand, stock prices can have a causal
effect on the business cycle: if stock prices go up, households should consume more through the induced wealth
effect. Hence, stock prices should lead aggregate activity. Consequently, various papers try to predict future
GDP or industrial production with equity variables, typically with aggregate stock indices (Binswanger, 2000,
Henry, Olekalns and Thong, 2004 Croux and Reusens, 2013, McMillan, 2021, Chen and Ranciére, 2019, Lan,
2020) or with variables related to aggregate indices, such as market skewness (Chen et al., 2019).



Some papers, however, rely on disaggregated stock price data and can be further divided into two subcategories.
In the first subcategory are papers that first build an aggregate variable from sectoral equity data and then
forecast future activity with the former. Loungani, Rush and Tave (1990) for example use industry-level equity
prices to build a metric of price dispersion. They reason that if stock prices are increasing in some industries but
declining in others, in subsequent years capital and labor will have to be reallocated from the contracting
industries to the expanding ones, which will be costly in the aggregate. Liew and Vassalou (2000) rely on the
Fama-French factors, built from disaggregated portfolio returns, to forecast future GDP. Their rationale is that,
before a recession, investors should be able to anticipate that small stocks and value stocks will perform badly.
Indeed, small-sized firms and value companies, i.e. firms with low price-earnings ratios and typically elevated
fixed capital as in the automobile industry, are usually deemed as less resilient to strong negative shocks (Zhang,
2005, Xu, 2018). Asaresult, small minus big (SMB) returns and high minus low (HML) book-to-market returns
should decrease ahead of recessions. In the second subcategory are other papers that directly use the sectoral
equity variables in their estimation, most of the time by evaluating the predictive power of specific sector
variables in isolation from the other (Browne and Doran, 2005, Andersson and d'Agostino 2008, Zalgiryte,
Guzavicius and Tamulis, 2014).

Our main contribution is that we depart from the approach adopted in these previous papers first by estimating
a factor model based on sectoral equity variables. We therefore make use of the entire cross section of stock
market variables at the same time (in contrast to Browne and Doran, 2005, Andersson and d'Agostino 2008,
Zalgiryte, Guzavicius and Tamulis, 2014). Moreover, we do not constrain the predictive content of
disaggregated stock variables into a specific aggregate predictor, like the dispersion of stock prices or the Fama-
French factors. Second, again in contrast to all the papers cited above, we also investigate the over- and under-
weights of the different sectors in our factor model.

In the end, our approach comes closest to two papers that also rely on the Kelly and Pruitt (2013, 2015) factor
model to predict macroeconomic activity on the basis of equity variables. However, unlike our approach, they
either use aggregate — and not sectoral -- indices to build their factor, i.e., the number of IPOs or the share
turnover in the US (Huang, Jiang, Tu and Zhou, 2015), or they only perform their analysis in-sample and do not
analyze what is filtered out in their factor modelling (Jagannathan and Marakani, 2015).

Second, we also contribute to the literature on factor modelling that does not specifically focus on the predictive
content of equity variables. Surprisingly enough, whereas disaggregated equity data is easily available and is
accessible without lags, to our knowledge the literature on factor models for forecasting exercises rarely relies
on sectoral stock data, even when using large datasets (Bessec and Doz, 2012, Fan, Xue and Yao, 2017,
Hepenstrick and Marcellino, 2019, Ferrara and Marsilli, 2019, Jardet and Meunier, 2022) or when using other
types of sectoral variables, like surveys (Barhoumi, Darné and Ferrara, 2010).

Finally, we also contribute to the financial literature that takes perspective inverse of the standard, by evaluating
how future economic activity affect aggregate (Cenedese and Mallucci, 2016) as well as cross-sectional stock
returns (Koijen, Lustig and van Nieuwerburgh, 2017, Zhu, Ghao and Shermann, 2020). By analyzing how the
factor model over/underweights certain equity sectors we shed a new light on the pro- and counter-cyclicality
of specific portfolios.

3 Model Specification and Data

3.1 A Factor Model

We follow Kelly and Pruitt (2013, 2015), who utilize the Partial Least Square (PLS) methodology estimated
using disaggregated equity variables. The approach resembles Principal Components Analysis (PCA), but
instead of reducing the dimensionality according to the covariance of the sectoral variables between themselves,
we implement the reduction according to the covariance between the predicted variable and the sectoral
variables.
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9 Appendix

9.1 The Factor model for sectoral and aggregate DY's

We use the sectoral DY's x;; in a factor model instead of the aggregate DY x; to predict future IP growth. By
doing so, we are implicitly assuming that the sectoral DY are indicative of future aggregate domestic cash
flows, which are themselves a proxy for the future US economic activity. We are also assuming that the factor
model is able to isolate this information while filtering the remaining noisy components in sectoral DYs.

More precisely, in line with Kelly and Pruitt (2013), we are assuming that the expectations of sectoral returns,
of sectoral domestic cash flow growth and of sectoral foreign cash flow growth are linearly determined by a set
of common factors F;:

Et(ri,t+1) =a;otaiFe+u,
Et(Ach,i,t+1) = Bio+ Bi1Fe+ept
Et(Ach,t+1) =Yio +¥i1Fe + €y

Where u;., e;+ and ¢;, are idiosyncratic and independently distributed components with Et(ui,tﬂ) =
Et(ei,t+1) = Et(ei,t+1) = 0.

The expectations of aggregate variables follow similar processes, that is:
E(te41) = ag + aiFe +u;
Ec(Acfpisr) = Bo + B1F: +e;
Et(Ach,t+1) =Y +ViF: + €
Finally, we assume that the factors follow an autoregressive process:
Feyg = OF + vy
Therefore, in line with section 2.1, we can use the Campbell and Shiller (1988) formula for sectoral DY's:

Xit = Et Tit+j ACfD,i,t+j - ACfF,i,t+j]

j= 1

j—1
+ Z _ 1pij Ei[(aio+ @i1Ferjo1 + Uiesj—1) — (Bio + BiaFrejo1 + €iprj1)
J:

= io + Y£,1Ft+j—1 + Ei,t+1'—1)]

C1-py

=Ki+“i,o—ﬁio
1-p;

Yi,o j 1
+ 1 EJi'T'Fpyj_q FUirsj1 — €irj—1 = €Eitsj—1]
Jj=
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_Ki+aio—=PBio—Vio

1 + 0TI = pi®) 1F +u—e; e —€;
—bi

=0+ Pi1Fe+vis
With ¢, o = "*‘"jﬁ—i"‘“ Gy =0T/ —p®)7, vy =uy — ey — €, i = (1,—1,—1)" and
I, = (a,Bivi).

In other words, the calculus above underlines how, by assuming that common factors affect both the
expectations of sectoral and aggregate returns and cash flows, we can show that sectoral DY's are linearly related
to these factors. Since the latter also affect linearly future aggregate domestic cash flows, it is therefore
attractive, in this framework, to rely on the cross-section of sectoral DYs to extract a predictive signal for the
future domestic cash flows.

9.2 Additional forecasting results

Figure 7: Robustness check, In-Sample RMSE from the different estimated models
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Note: On the graph are represented the In-Sample RMSE of different models (the factor model, or univariate regressions relying either on the
aggregate DY, on the lagged IP growth or on the term spread). The predicted variables (Manufacturing sales, House permits etc.) are all
defined as growth rates, similarly to the IP growth, before conducting the forecasting exercise.
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Figure 8: Robustness check, Out-of-Sample RMSE from the different estimated models
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Note: On the graph are represented the Out-of-Sample RMSE of different models (the factor model, or univariate regressions
relying either on the aggregate DY, on the lagged IP growth or on the term spread). The predicted variables (Manufacturing

sales, House permits etc.) are all defined as growth rates, similarly to the IP growth, before conducting the forecasting exercise.
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