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1 Introduction

One important motive for trade is information—informed investors trade on valuable information, whereas
uninformed investors speculate on perceived information (or sentiment). Recent literature on active invest-
ment management uses fund portfolio holdings to evaluate stock selection skills possessed by fund managers
(Cremers and Petajisto (2009); Kacperczyk et al. (2005)). If a subset of fund managers are informed and
possess stock selection skills, there would be valuable information embedded in their holdings which could
predict stock returns. Moreover, uninformed investors may have systematic bias in their belief formation
(e.g. extrapolative bias) which may have implications for asset prices in equilibrium and lead to return
predictability as well (Greenwood and Shleifer (2014); Da et al. (2019)).

Given the high-dimensional nature of trading data, previous work mainly relies on theoretical guidance
to identify potential informed investors and applies simple aggregation across the trades of these investors
(for example, skilled institutional investors (Wermers et al. (2012)), insiders (Lakonishok and Lee (2015)),
short sellers (Boehmer et al. (2008)), etc.), or to identify specific types of systematic bias of investors (for
example, extrapolative bias (Odean (1999); Grinblatt and Keloharju (2002)).

We propose instead a more data-driven approach and use machine-learning to extract valuable informa-
tion and predictive sentiment from investors’ trades to predict future returns. Our method allows for flexible
heterogeneity across investors, and exploits both the information embedded in informed investors’ trades
and the sentiment driven by systematic bias in uninformed investors’s trades. Assessing the improvement in
out-of-sample predictive power relative to simpler aggregators used in past literature, we hope to quantify
the economic gains from using machine learning to analyze trading data, and to better understand asset
prices. The predictors that contribute to the improved predictive power of trading data may shed light on
various topics such as investor trading behavior, investor skill measures, and the joint behavior of stock
prices and trading volume. This study could also inform the debate about active money management skill

and on the effects of information and sentiment on asset prices.

2 Research strategy

2.1 Multinomial logistic regression

Our main approach is to model the endogenous variable as the number of shares or dollar holdings. Assume

there are M mutual funds and N unique stocks in the market. Let a;; denote abnormal return of asset @



from t to t + 1. We consider a shares demand model as follows:
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where s;;; is the number of shares in asset ¢ held by investor j at time ¢, and m;; = > ; Sijt is total shares

held by investors in our sample. We model the demand as a multinomial logitistic regression:
P (8it|vit) = Multinomial (8;+|q,, Mit) (2)

where the probability that a given share of stock i is held by fund j at time ¢ is modeling with a logit
Qijt = % with 7;5: = woj + <p;vz-t, and v;; is a vector of covariates that determine j’s demand for 7 at
time t, arid that includes abnormal returns.

The need for dimensionality reduction is that suppose we want to predict a;; with investor demand s;;;’s.
We could potentially run the regression oy = F'(s;) + e, which has N x M rhs variables for each stock
on the left. But after fitting the (backward / demand) regression (2), we can form a sufficient reduction
projection in the direction of oy, z; = @ps; € RNwith elements z;; = Zj gog-sijt, which summarizes all the
information in investor demand that is relevant for predicting abnormal returns. We can then use it in the

forward regression a; = F (z4, m;) + e;, which has (only) N + 1 rhs variables for each stock on the left.

2.2 Hurdle distributed multiple regression

Given investor’s bounded rationality, investors are likely to break down the investment decision into two
steps (Gabaix (2014); Nieuwerburgh and Veldkamp (2010)): they first select the stocks they want to acquire
information and then decide how they want to trade on those stocks. To take into account the two-step
decision making process, we will break up (1) into a two-part hurdle distributed multiple regression (HDMR)
as in Kelly et al. (2019):

hije = highje + w8 +vije, hige = 1(hj; > 0)
Sfjt = Sijt)\(QDOj + 90}7%) +eije >0, s550 = hijts;kjt

The first two equations describe the choice to include stock ¢into the choice set or not, while the next

two equations capture the number of shares investors want to hold on the asset.

2.3 Predicting returns by extracted information/sentiment

We will evaluate the improvement in return prediction using the machine learning technology compared to
traditional simple aggregator. Through decomposing the improvement into different components, we can
further explore whether and how much the additional predictive power comes from simple machine learning
using multinominal logistic regression alone, or augmented with modeling the choice set selection by the
hurdle rate; we can also examine how much additional predictive power is gained by extracting information
compared with extracting sentiment, or how much predictive information/sentiment is contained in investor’s

purchase decisions vs. sale decisions.



2.4 Interpreting the information/sentiment extraction

To better understand the process of extracting information or sentiment from trades, it is useful to examine
loadings on the predictors, which will shed lights on a couple of other interesting topics. For example, what
drives trade? Among the potential relevant factors (e.g. past, current, future returns, news coverage, analyst
forecasts/revisions, firm characteristics, etc.), what matter more for buys? What matter more for sales? How
does that challenge our thinking about modern portfolio theories?

We could also infer the skill/informedness or the systematic bias of investors from the coefficient @;,
and link the measure to the type of investors (institution vs individual), the characteristics of institutions
(style, fund manager characteristics, skill measure, etc.) and the characteristics of individuals (personal
information, behavioral bias/sophistication measure, etc.) Given the sparse feature of investor’s portfolio,
using the two-part HDMR may improve the performance relative to multinomial logistic regression. The
estimates from HDMR, could clarify which factors matter more for the intensive margin (how much to trade)

vs extensive margin (whether to enter the choice set)?

3 Computing language

We plan to use Julia and Python to conduct the analysis.
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