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Contributions Specifications of predictive heterogeneity Overall predictability, measured by out-of-sample R? (%)
For the problem of firm-level month-ahead return prediction, and interpreting characteristic importance, To c.Iefln.e groupings of flrm.s, we consider two alternatives:  Clustering firms to define heterogeneity in predictive relationships, then incorporating this specification
= We find statistical evidence (using the bootstrap) that heterogeneity matters for predictability. 1. Firm industry memberships — based on 5IC codes. of heterogeneity when estimating a regularized linear model achieves an out-of-sample R? = 1.05%.
" By incorporating heterogeneity in predictive models, we improve their out-of-sample performance. 2. Inferring (possibly) latent group memberships from observable characteristics — by applying k-means = For context, Gu, Kelly, and Xiu (2020) achieved an out-of-sample R? = 0.40% on their sample using a
* We highlight new perspectives on characteristics: clustering to characteristic means. deep neural network. Rapach and Zhou (2013) argue that an in-sample R? ~ 1% is enough to falsify

= Different characteristics can matter for different groups of firms.

) . . o . . - some asset pricing models, and that out-of-sample values are even lower.
» Characteristics can be used to infer firm groupings, in addition to directly predicting returns.

= We uncover sparsity in the cross-section using lasso-based models, without sacrificing predictability.

Bootstrap_based eVIdence In favour Of lncorporatlng heterogenelty Table 3: USIhg |ndustry memberShlpS to dEflne heterogenelty n prEd|Ct|Ve re|atlonShIpS.
Panel (a) Panel (b) Panel (c)
- : . . : T T All
* For each of the 2 specifications of heterogeneity in the cross-section, we estimate pooled and Model 1000 | | Mode! 2000 | | Model Firms
: : Two-stage Rid 1.65 | | Two-stage Rid 138 | | Two-stage Rid 0.76
by-group models and compute the incremental (by-group minus pooled) out-of-sample R2 (%) ey 1e| [Teme e T ) [T o
. . . . . . - ; _ " " Pooled ElasticNet 1.57 Pooled ElasticNet 1.33 Pooled Ridge 0.73
Incorporatlng hEterogenelty in linear prEdICtlve models Repeat for 1000 nonp_arameterlc bOOtS-tI’f:lp samp_les of the whole cross-section, in order to compute Pooled Ridge 157 | | Pooled Ridge 133 | | By-industry Ridge 0.72
OOTStrap contrtiaence iIntervails 1or statistical testing. By-industry ElasticNet  1.54 By-industry ElasticNet  1.31 Pooled Lasso 0.71
bootstrap confid tervals for statistical testing
. . . . (- . 2 . .. Pooled Lasso 1.52 By-industry Lasso 1.29 By-industry ElasticNet 0.69
_ _ _ _ . . o o * The statistically-significant incremental R“ values are typically positive: By-industry Lasso 110 | | Pooled Lasea 120 | | By-industry Lasso 065
* Index firms by i, and let c;; be a high-dimensional (M-dim.) vector of a firm's characteristics. Two-stage Lasso 149 | | Twostage Lasso 129 | | Twostoge Losso 065
. . . . . . - Pooled OLS -8.70 Pooled OLS -7.36 Pooled OLS -3.77
We apply ML regularization techniques to classic pooled linear models with common coefficients: Table 1: Using industry memberships to define heterogeneity in predictive relationships. Bty OLS  L4Te | | Byinduty OLS 1205 | Byndusty OLS o
wo-stage -14. wo-stage -12. wo-stage -5.
r; — o+ 01¢ci41 + Orcio + ...+ Opgc; 1
hi+l (9/1 itl 2%it2 M*itM (2) Regularization | agriculture construction finance manufacturing mining noclassif retail services transport_utilities wholesale
= Cj Table 4: Clustering firms to define heterogeneity in predictive relationships.
T U Cit (2) e 10.20 042 028 037 ** 013 125 028 038 ** 0.33 0.50 & senelty in b P
= Furthermore, we incorporate heterogeneity in predictive relationships in by-group models, given a ElasticNet -0.35 056  0.44 0.49 ***  _0.13 1.72 036 0.55 *** 0.52 0.66 Panel (@) Panel (8) _ Panel () _
. . . . . ; . . .. op op i
mapping from a firm / to its (unique) group j, by employing group-specific coefficients: Ridge 0.22 057  0.49 0.52 %% 012 175 038 0.60 0.57 0.71 Model 1000 | | Mode 2000 | | Model Firms
Pooled Ridge 1.91 By-cluster Lasso 1.61 Two-stage Lasso 1.05
. L ) . . A~ : . S o *kk_000, *k_Q5% *—00%). Two-stage Ridge 1.91 Two-stage Lasso 1.61 By-cluster ElasticNet 1.03
rl,t—l—]. — Oéj + 6)1] Cit1 + (92] CitD 4+ ...+ HM_] Cit\ (3) Note: Asterisks denote the significance level from two-tailed tests ( 99%, 95%, *=90%) oo Laces L es oo Lacce Leo -cluster Laso L3
/ By-cluster Ridge 1.86 By-cluster ElasticNet 1.59 Pooled Lasso 0.97
= a; + Oc; (4) - - -
J J It Pooled ElasticNet 1.85 Pooled Ridge 1.58 Two-stage Ridge 0.96
. . . . . : : : : L : : By-cluster ElasticNet 1.83 Two-stage Ridge 1.58 By-cluster Ridge 0.95
= We also combine the two stages to specify composite two-stage models, that take the form Halble 20 Clistaing Trms te deiine pelaegeney in predelie relkiionsilps. Twostage Lasso 178 | | Bycluster Ridge 155 | | Pooled Ridge 0.5
By-cluster Lasso 1.77 Pooled ElasticNet 1.53 Pooled ElasticNet 0.94
K Regularization | Cluster 1 Cluster 2 Cluster 3 Pooled OLS -8.86 Pooled OLS -8.23 Pooled OLS -4.81
/ z : / ] By-cluster OLS -30.86 By-cluster OLS -20.92 By-cluster OLS -61.38
rl,t—l—]. — CVO —I_ HOCIt _I_ ]IIEJ(aj —l_ Hjclt) . (5) Lasso 0.04 * 0.07* 0.15** Two-stage OLS -30.86 Two-stage OLS -20.92 Two-stage OLS -61.38
— ElasticNet 0.06 * 0.12 * 0.06 ***
Jj=1
Ridge -0.04 *** 0.05 -0.06 ***

1. estimate a pooled model on the entire cross-section of returns, then
2. estimate a by-group model on the residuals of the first-stage pooled model.

Uncovering sparsity & heterogeneity in characteristic importance

Note: see previous table.

= NB. need to tune multiple regularization parameters (e.g. lasso \) for by-group and two-stage models. = In the overall predictability results (above), heterogeneous lasso-based linear models performed well.
* Selection by the lasso is a measure of variable importance. These lasso-selected predictive variables
Stable & interpretable clusters of firms in the cross-section vary between clusters of firms, and are a sparse subset of the 109 total variables employed.
* In contrast to Gu, Kelly, and Xiu (2020), the important predictive variables are mostly a subset of
. . - . . Figure 1: Cluster visualisations (in principal component Figure 2: Interpreting clusters by comparing their low-frequency cash and profitability-related coefficients (chpmia, cashpr) and the market-level D /P
Motivations for predictive heterogeneity ) over time. Each -n(t eoresents a firm haracterist ey P Y fents (chpmia, cashpr) /
Space) over time. Each point represents a nrm. characteristic means. ratio (dp_sp500), rather than higher-frequency price-based predictors.
= Equilibrium asset pricing models with multiple state variables, such as Menzly, Santos, and Veronesi E IS = | : = =
(2004) and Koijen and Yogo (2019)’ imply heterogeneity in firm-specific predictive relationships. ﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂ j:_ — i:':_ :_::E Table 5: Frequency of selection (%) across slices of our database, according to the by-cluster lasso model.
= Patton and Weller (2019) find evidence for risk premia deviations that are specific to groups of firms __; _f__ . zi Trarametaie | s 1 Cvaee: 2 CEe: 2
(rather than the whole cross-section) in a modified conditional CAPM. oo e e | = == 3 (Intercept) 100 100 100
- — o : baspread 17 0 33
cccccc —— — cashpr 33 17 33
P O . = = = = chpmia 33 0 33
+ | = s dp_sp500 33 17 17
. : o E= —+ = 0 0 17
Data & evaluation k! 1 3 7 F —
= 109 predictive characteristics: 101 are firm-specific (Green, Hand, and Zhang 2017) and 8 are The 3 stable clusters are interpretable based on the characteristics of the firms they comprise: References
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