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Abstract

We reexamine the nominal share price puzzle (Weld et al., 2009) using a novel, proprietary dataset contain-
ing detailed information on 500,000 individual investors’ trading activities across all mutual funds in a large
family of funds from 2000-2015. Notably, three funds belonging to the fund family conduct stock splits dur-
ing the sample period, allowing us to investigate the effects of splits on investors’ trading behavior. In order
to estimate the heterogeneous effects of splits on investors with varying degrees of sophistication, we pro-
pose a machine learning algorithm to classify investors into sophisticated and unsophisticated groups. Our
algorithm, built on Gradient Boosted Machines, leverages the large feature space consisting of investors’ at-
tributes derived from their past trading history and demographic information to provide robust out-of-sample
predictions of investor sophistication. Using this classification, we address the key question of whether splits
attract abnormal inflows from unsophisticated investors, and whether these effects are short-lived. We then
trace the responses of sophisticated investors to splits. Our investor-level data and machine learning approach
allow us to overcome fundamental limitations of prior studies on the effects of splits arising from their use
of market-level data and empirical methodologies designed to measure homogeneous investor effects.

*We thank Maureen O’Hara and Gideon Saar for valuable comments. All errors remain our own.
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It has been observed that firms in the United States (and several other major economies) have, since the 1930s, undertaken
policies with the aim of maintaining a constant nominal share price. This phenomenon has been dubbed the nominal share
price puzzle in reference to the fact that over the same period, the nominal prices for all other types of goods in the econ-
omy have risen, on average, tenfold (Weld, Michaely, Thaler, and Benartzi, 2009). That firms actively split their stocks to
maintain their stock prices at a constant nominal value presents a conundrum as splits are associated with costs for both
firms and investors. Notably, splits increase investors’ trading costs, which are typically charged on a per share basis.
Further, splits increase the effective transaction costs per share due to an increase in the proportional bid-ask spread,
which is bounded from below by the prevailing tick size. In addition to the direct costs of splitting incurred by firms,
there is some evidence that splits are followed by increased return volatility (Ohlson and Penman, 1985). In this proposal,
we aim to study investor responses to splits and shed light on the underlying economic mechanisms driving this prevalent,
yet little-understood, firm policy.! We will do so using data and methods which directly address fundamental limitations
of prior work on this topic. First, we introduce a novel investor-level dataset that allows us to disentangle the confounded
and endogenous theoretical explanations. Second, we develop a machine learning-based investor classification algorithm,
which enables us to study the heterogenous effects of splits on various classes of investors.

We conjecture that the failure of existing research to clarify the underlying economic mechanism for splits arises
from two fundamental challenges. The first is an issue of identification — given that splits are endogenous, empirically
disentangling the factors driving firms’ decisions to split, and its effect on investor behavior, is difficult. The second
challenge arises from the fact that splits may have heterogenous effects on different groups of investors. For instance, it
can be argued that unsophisticated investors are likely to respond most positively to splits, while sophisticated investors
may either be neutral to splits or may trade in a manner that offsets the changes induced by the inflow of unsophisticated
investors. Therefore, analyzing market-wide variables will obscure the true effects of splits. Prior studies have only been
able to focus on aggregate outcomes due to their use of market-level datasets like CRSP or TAQ. We propose a novel
setting and machine-learning methodology that resolve both these issues.

Our study uses the setting of mutual fund splits. Mutual fund splits are an ideal context in which to revisit the nominal
share price puzzle. First, arguably only one explanation for the puzzle, the marketability explanation, applies to mutual
funds. This greatly simplifies the identification challenge. Since mutual funds fees and trading costs are based upon
the investment amount, and not units traded, the pay-to-play explanation does not apply. The signaling explanation is
unlikely to hold for mutual fund splits as these splits are less costly than common stock splits and, unlike firm managers,
fund managers do not have the need to convey information on financial prospects to investors.>

Our study utilizes a novel, proprietary dataset comprising the complete trading activity and rich demographic infor-
mation of a random sample of 500,000 investors across all funds belonging to one of the largest mutual fund families in
China (with over $130 billion in assets under management) from 2000-2015. Crucially, three funds in the family con-
ducted splits during this period such that the price of a share post-split was reset to 1 CNY. The granular information on
investor characteristics in our data will allow us to tease out heterogeneous effects of these splits on investors of varying
degrees of sophistication.

In order to classify investors as sophisticated or unsophisticated we plan to consider a detailed set of attributes. These
include age, gender, location, time since account opening (proxy for investing experience), income (proxied by total in-
vestment size), number of trades, number of funds invested in, turnover, volatility of returns, and drawdowns. Classifying
investor sophistication using traditional methods is challenging for at least two reasons. First, the feature space is large
and includes variables of all types such as binary, categorical, and numerical. Second, the ways in which these features
influence investor sophistication can be highly non-linear with several levels of interactions, and potentially complex hi-
erarchical relationships (Easley, Lopez de Prado, O’Hara, and Zhang, 2019). For instance, prior studies have individually
found that the investors’ trading performance is affected by their gender, trading frequency, attention to fees, or whether
they trade over the phone or online (Barber and Odean, 2000, 2001, 2002; Barber, Odean, and Zheng, 2005). However,

I'Weld et al. (2009) propose four broad explanations. First, the “marketability explanation” is that splits enable firms to keep their stock price in
a certain range in order to increase their stock’s appeal to smaller, less wealthy investors. This would lead to a more diverse ownership base, and may
improve their stock’s liquidity. The empirical evidence on this explanation is mixed with some studies finding positive liquidity effects (Schultz, 2000),
and others finding such effects, if they exist, are small and short-lived (Lakonishok and Lev, 1987; Byun and Rozeff, 2003). Second, the “pay-to-play
explanation” is that firms split in order to encourage brokers and dealers to promote their stock and engage in market making by allowing them to
maintain high relative bid-ask spreads (and thus profits). However, this explanation is inconsistent with the fact that the markets have seen multiple
drops in the tick size over the last century but nominal share prices have remained constant. A third “signaling explanation” argues that firms engage
in stock splits as a costly signal of their financial strength to investors. However, there is no clear evidence that splitting firms indeed perform better
post-split. Moreover, Easley, O’Hara, and Saar (2001) find no reduction in information asymmetry after splits. These findings jointly cast doubt on the
efficacy of stock splits as signals. In the absence of compelling evidence in favor of any of the three explanations, Weld et al. (2009) conclude in favor
of the residual explanation, that firms’ decisions to maintain a constant share price is a result of “norms.”

2 A few prior studies have investigated mutual fund splits (see, for example, Rozeff, 1998 and Fernando, Krishnamurthy, and Spindt, 1999). They
provide suggestive evidence in favor of the marketability hypothesis. However, both studies use aggregate mutual fund flows data and consequently are
unable to overcome the two fundamental challenges we have outlined.



attempting to classify the sophistication level of a male investor who trades infrequently and only via the internet, for
instance, is a non-trivial problem under usual regression-based approaches due to the need to consider all interactions
of these attributes. Crucially, the lack of a robust prior about the potentially complex ways in which these interactions
work together (and change over time) to influence investor sophistication renders traditional approaches, in which the
researcher must specify the relationship ex ante, unsuitable. Therefore, we resort to machine learning algorithms that
offer greater flexibility and impose fewer restrictions on the underlying data generating process.

Specifically, we aim to tackle this classification problem by using Gradient Boosted Machines (GBMs). GBMs se-
quentially build an ensemble of weak and shallow trees where each tree learns and improves on the previous one (Fried-
man, 2001; Chen and Guestrin, 2016; Ke et al., 2017; Biau et al., 2018). The combination of several of these weak trees
produces a powerful “committee” that has been show to have superior predictive abilities (for examples see Hutchinson
et al., 2011; Pittman and Brown, 2011; Johnson and Zhang, 2014). Moreover, GBMs provide substantial flexibility as the
researcher has several loss functions and hyper-parameters that can be tuned to improve predictive ability. Crucially for
the investor classification problem, GBMs tend to perform well even when the feature space contains a mix of categorical
and numerical variables, and also when data is missing.

Our approach will address two common pitfalls of machine learning algorithms: (1) Overfitting, and (2) Lack of
interpretability. We will avoid overfitting by employing more sophisticated versions of GBMs that use only a subsample
of the data to implement stochastic gradient descent or add regularization terms to the objective function (Friedman,
2002; Rashmi and Gilad-Bachrach, 2015; Chen and Guestrin, 2016). Regarding lack of interpretability, an important
advantage of using GBMs is that their interpretability can be enhanced by using tools such as variables importance (see
Easley et al., 2019 for an example in the context of random forests), Accumulated Local Effects plots (Apley, 2016),
and Local Interpretable Model-Agnostic Explanations (Ribeiro, Singh, and Guestrin, 2016). Using these tools we can
infer which investor characteristics seem to predict their performance. In doing so, we hope to contribute not only to the
understanding of mutual fund splits, but also to the rich literature on the determinants of investor performance by jointly
considering a large number of attributes.’

Our investor classification algorithm will involve the following key steps. First, we will utilize the trading data to cal-
culate the positions and returns for all individuals across all days and funds. We will calculate risk-adjusted performance
as each investor’s alpha relative to reasonable benchmark factors. Second, we will generate the feature space consisting
of demographic information (gender, age, investing experience) as well as trading-based measures (medium of trades,
number of trades, turnover, volatility, drawdowns) both within a given fund, and across all funds. Considering perfor-
mance as a proxy for sophistication, we will use quantiles of the distribution of past realized investor alphas to assign
investors to the sophisticated and unsophisticated classes. We will then employ GBMs to identify the set of features that
play an important role in determining investor sophistication.* Using the trained algorithm, we will classify investors as
sophisticated and unsophisticated for the next period and gauge the out-of-sample performance of our algorithm.

For the second part of our analysis we will utilize the trading data and investor classification scheme to analyze the
effect of mutual fund splits on individual investors’ behavior. Potential lines of inquiry include: (1) Whether funds which
split experience change in flows; (2) Whether these changes are temporary, and (3) Whether these changes are driven
by investors we classify as sophisticated or unsophisticated on the eve of the split, relative to funds which did not split.
We will also track the holding duration and subsequent outflows by investors of both classes. Under the marketability
explanation, for instance, we would expect to see an increase in unsophisticated investment in funds which split, relative
to non-splitting funds. These investors may, however, be more myopic, returns-sensitive, and trade more frequently than
the existing fund investor base. Hence, such investors may close out their positions prematurely in response to downward
market moves. This may impact medium- and long-run fund performance by forcing fund managers to inefficiently liqui-
date their holdings in order to satisfy abnormal redemptions by unsophisticated investors (as in Coval and Stafford, 2007).
The response of sophisticated investors to splits is, ex ante, less clear. On one hand, these investors may anticipate the
behavior of unsophisticated investors and invest less in (or withdraw from) funds which split, relative to those which do
not. On the other hand, the failure of sophisticated investors to do so would shed light on unintended distributional conse-
quences of splits — consequences which existing studies relying upon market data are unable to uncover. Taken together,
our analysis aims to shed light on the effects of splits on investors, funds, and firms, including potentially heterogeneous
consequences for various classes of investors.

3 Another important contribution of our proposed methodology is that it can be readily generalized to other applications utilizing detailed investor-
level data. For example, using the order level data in Boehmer, Li, and Saar (2018), we can generate features such as order size, frequency, number
of stocks for each high-frequency trading firm and then use that to predict outcomes such as profitability. Unlike their principal-components-based
analysis, our methodology has the added advantage in that we can comment on which of the observable features of trading firms and their strategies
seem to be correlated with their profits.

4Our approach is flexible in that it allows for dynamics in (1) an investor being classified as sophisticated or not, accounting for potential learning
through trading, and (2) which features matter at any given point in time.
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