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Abstract

We investigate how asset prices incorporate information through the lens of shorting
activity, focusing on both rational explanations and potential behavioral biases among
different types of market participants. We ask whether observed shorting patterns re-
flect rational updates to new information or instead reveal biases such as extrapolation,
overconfidence, or prospect theory—type behavior. We adapt recent machine-learning-
based approaches from empirical asset pricing by replacing future returns as the de-
pendent variable with shorting volume. By leveraging a large cross-section of firm and
macro-level predictors—encompassing both standard risk factors and variables linked
to behavioral tendencies—we aim to uncover which signals dominate short-seller be-
havior and how strongly those signals propagate into market prices.
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1 Introduction

Short selling plays a pivotal role in financial markets, often viewed with suspicion yet funda-
mentally linked to price discovery and market efficiency. Short Interest—the total amount
of shares sold short—is a key gauge of aggregate shorting activity and investor sentiment.
Prior research indicates that short sellers are generally informed investors who anticipate
overvaluation and future downturns. Rapach, Ringgenberg, and Zhou (2016) document that
aggregate Short Interest is among the strongest predictors of market-level stock returns,
suggesting that elevated Short Interest captures critical negative information before other
investors. However, short selling is often restricted by regulatory constraints and influenced
by behavioral biases, creating ongoing debate about its implications for information efficiency
and market behavior.

This study investigates how short-selling patterns incorporate information into asset
prices using modern machine learning methods. Specifically, we ask: Do shorting pat-
terns represent rational reactions to new information or reflect behavioral biases such as
extrapolation, overconfidence, or prospect theory—type behaviors? Our research addresses
this question by adapting recent methodologies from empirical asset pricing—specifically the
influential approach of Gu, Kelly, and Xiu (2020)—replacing future returns with shorting ac-
tivity as the dependent variable in machine learning prediction frameworks. While previous
literatures have documented the predictive power of Short Interest using traditional econo-
metric approaches, we extend this literature by leveraging these cutting-edge ML techniques
to capture complex interactions that our standard models may miss.

Our main contribution to existing literature is twofold. First, we integrate machine learn-
ing with the analysis of short-selling activity to provide fresh insights into market efficiency
and potential biases in investor behavior. Second, we will explore whether predictions de-
rived from these advanced models enhance the understanding of how Short Interest translates

into stock return predictability. By leveraging a large dataset of firm-specific characteristics



and macroeconomic indicators, we aim to uncover nuanced, nonlinear relationships between
short-selling signals and market outcomes — for example, perhaps Short Interest combined
with certain accounting ratios or macro variables, which could have especially strong predic-

tive power that only emerges in a nonlinear model.

2 Related Literature

2.1 Short Selling and Market Efficiency

Short selling has long been theorized to improve market efficiency by allowing pessimistic
views and negative information to be reflected in prices. In an unconstrained market, prices
should incorporate the average of investors’ opinions, both optimistic and pessimistic. How-
ever, classic theory by Miller (1977) argues that when short-sale constraints exist, prices will
be biased upward because only the most optimistic investors influence the price. Pessimistic
investors who believe a stock is overvalued may be unable to short sell freely, so their infor-
mation and beliefs are not fully impounded into the stock’s price. As a result, overvaluation
can occur under short-sale constraints - prices are set by optimists and can exceed fundamen-
tal value. This “overvaluation hypothesis" implies that stocks with restricted shorting tend
to become overpriced and subsequently earn abnormally low returns when reality corrects
the initial optimism. In contrast, Diamond and Verrecchia (1987) offer a rational expec-
tations perspective, suggesting that short-sale constraints slow down the incorporation of
negative information but do not permanently bias prices. According to their model, prices
will eventually reflect fundamentals even if shorting is limited, but the adjustment is delayed,
implying a temporary inefficiency.

Empirical evidence generally supports the notion that short-selling activity enhances
informational efficiency, while constraints or high costs to short can lead to mispricing. For
example, Bris, Goetzmann, and Zhu (2007) document that markets with greater short-selling

restrictions tend to experience more overpricing and slower price adjustments, consistent



with Miller’s hypothesis. Experimental studies likewise show that banning short sales causes
prices to deviate systematically from fundamental values, whereas allowing shorting leads to
more accurate, efficient pricing. From a behavioral standpoint, the absence of short sellers
means that behavioral biases such as over-optimism and overconfidence among long-only
investors can go unchecked. In exuberant markets, pessimistic traders serve an invaluable
function by preventing prices from “rising too far”, counteracting the collective optimism. If
short sellers are shut out, optimistic sentiment can dominate, creating a disconnect between
prices and intrinsic value. This dynamic was evident during episodes like the dot-com bubble,
where short-sale constraints and sentiment-driven buying led to extreme valuations that later
crashed. Thus, both theory and evidence underscore that shorting activity is intimately
linked to price efficiency and can either mitigate or exacerbate mispricing depending on the
presence of constraints.

Behavioral finance research also highlights how investor psychology interacts with short-
sale limitations. When betting against stocks is difficult, investors holding irrationally pos-
itive views face little resistance, so cognitive biases can have a larger impact on prices.
Short sellers, often castigated as “speculators” or “vandals” during market booms, are ac-
tually a stabilizing force: their transactions inject negative information and skepticism into
the market, which can correct overly rosy valuations. In essence, short selling provides a
mechanism for the market to discipline hype and hubris. Without it, prices may reflect
a one-sided view. This insight aligns with Miller’s (1977) argument and is supported by
observations that stocks with greater divergence of opinion (disagreement among investors)
tend to be especially prone to overvaluation when shorting is difficult. On the other hand,
when short selling is allowed and actively used, it can help align prices with fundamentals,
thereby improving information efficiency in the spirit of the Efficient Market Hypothesis.
The tug-of-war between optimistic bias and short sellers’ corrective force is a central theme

in understanding how information and beliefs get translated into asset prices.



2.2 Short Interest and Stock Return Predictability

A substantial body of empirical work examines the informational content of Short Interest
— the aggregate volume of short positions in a stock — for subsequent stock returns. Cross-
sectional studies have consistently found a negative relationship between Short Interest levels
and future stock performance. In other words, stocks with unusually high Short Interest
tend to underperform going forward. Early evidence by Asquith, Pathak, and Ritter (2005)
shows that stocks facing short-sale constraints (proxied by high Short Interest coupled with
limited stock loan supply) significantly underperform their peers. They report that the
most constrained stocks earn abnormally low returns — about 215 basis points per month
lower (equal-weighted) than unconstrained stocks — over the 1988-2002 period. This large
performance gap supports the view that heavy shorting pressure flags overvaluation: when
many traders are betting against a stock and the ability to short is limited, it likely indicates
fundamental negatives that will eventually drive the price down.

Likewise, Desai et al. (2002) and Boehmer, Jones, and Zhang (2008) find that Short
Interest and actual short-selling activity contain significant predictive power for individual-
stock returns. Stocks in the top decile of Short Interest often experience negative abnormal
returns in the following months, whereas stocks with little or no Short Interest (which short
sellers avoid, presumably due to no glaring overvaluation) perform relatively better. Such
patterns have been labeled the “Short Interest anomaly” or “Short Interest puzzle” — referring
to the puzzle of why this return predictability persists if the information is publicly available.

One explanation for the Short Interest anomaly is that short sellers are uniquely informed
or skilled, allowing them to collectively foresee which stocks are overvalued before the wider
market corrects the mispricing. Engelberg, Reed, and Ringgenberg (2012) provide direct
evidence of short sellers’ information advantage. They show that short sellers dramatically
increase their positions in response to public news that has negative implications, and that
the well-known negative relation between shorting and next-period returns is twice as large

on days with news releases and four times as large on days with negative news. This suggests



short sellers are adept at processing public information (such as earnings announcements or
news about a company) and trading on it faster or more efficiently than other investors.
Notably, Engelberg et al. find that the most informed short trades are not driven by market
makers (who may short for liquidity reasons), but by other market participants (e.g. hedge
funds or sophisticated traders) who analyze news and fundamentals.

Overall, short sellers appear to be skilled information processors, and their trading con-
veys information that the market has not yet fully digested. This contributes to the predictive
power of Short Interest: rising Short Interest often precedes the revelation of bad news or
fundamentals, aligning with the idea that short sellers anticipate future cash-flow problems
or price corrections. Rapach, Ringgenberg, and Zhou (2016) reinforce this interpretation in
an aggregate context. They document that Short Interest aggregated across the market is an
exceptionally strong predictor of aggregate stock returns, both in-sample and out-of-sample.
In their study, changes in market-wide Short Interest predicted a significant portion of vari-
ation in future equity market premiums, yielding out-of-sample R? statistics above 12%-
markedly higher than other well-known predictors like the dividend yield or term spread.
A vector autoregression analysis in that paper indicates that the predictive power of Short
Interest stems mainly from a cash-flow news channel, meaning short sellers collectively an-
ticipate downturns in fundamentals (e.g. lower future earnings or dividends) which then lead
to lower market returns. This finding portrays short sellers as informed traders at the macro
level, not just stock-specific pessimists.

Importantly, the Short Interest-return relation highlights a tension between information
efficiency and market frictions. If Short Interest is public (exchanges publish Short Interest
data periodically), one might expect arbitrageurs to immediately trade on that information
and erase any predictability in returns. Yet, the fact that Short Interest consistently forecasts
returns — the Short Interest anomaly — implies the presence of limits to arbitrage or other
frictions. One key friction is the cost and risk of shorting itself. Short sellers face constraints

like loan fees (the cost of borrowing shares), the risk of recall (having to return borrowed



shares on short notice), and potentially unlimited losses if the stock rises. These factors can
deter even rational arbitrageurs from correcting mispricing.

Recent research by Engelberg, Reed, and Ringgenberg (2018) on “short-selling risk” shows
that when the risk or uncertainty of staying in a short position is high, traders are less willing
to short, and as a result mispricings persist longer. In their analysis, higher uncertainty in
borrowing costs leads to significantly lower short-selling activity and greater price deviations
from fundamentals. This helps explain why the predictive power of Short Interest is not
arbitraged away: Short Interest may be publicly known, but not everyone can or will act
on it due to the risks and costs involved. In sum, heavily shorted stocks often remain
overpriced because many investors are either unaware of the information short sellers have,
or unable/unwilling to trade on it aggressively (the so-called limits of arbitrage). This line
of reasoning connects to behavioral finance as well — even if some investors recognize an
overvaluation (the short sellers), others might ride the momentum due to exuberance or
mandate constraints (e.g. long-only funds), allowing the mispricing to continue temporarily.
Only over time, as fundamentals deteriorate or news becomes undeniable, do prices converge
to reflect true value, rewarding those who shorted earlier. Thus, Short Interest serves as
a harbinger of correction, and understanding it is crucial for anyone interested in return

predictability and market anomalies.

2.3 Machine Learning and Empirical Asset Pricing

In recent years, machine learning (ML) techniques have been increasingly applied to finance,
offering powerful tools to detect patterns and interactions in large datasets that traditional
models might miss. Asset pricing researchers have begun to harness ML algorithms to im-
prove the forecasting of stock returns and to better understand the pricing of risk. Gu, Kelly,
and Xiu (2020) provide a seminal study in this domain, conducting an extensive comparison
of various ML methods (including penalized regressions, tree-based models, random forests,

and neural networks) for predicting stock returns. They demonstrate that MIL-based ap-



proaches can deliver substantial gains in predictive accuracy and investor utility relative to
conventional linear models. In their analysis, the best-performing methods (such as boosted
trees and deep neural networks) roughly double the out-of-sample performance of leading
regression-based strategies from the prior literature. These improvements are attributed to
ML’s ability to capture nonlinear relationships and variable interactions that are difficult to

model with standard linear regressions.

3 Data

Our sample consists of all firms listed in the NYSE beginning in January 1973 and ending
in December 2017, totaling 44 years. We obtain short interest by dividing the shares held
short variable from Compustat by the total shares outstanding from CRSP. The periodicity
of short interest is monthly. From CRSP, we also obtain stock returns, market equity, and
other relevant variables. From Compustat, we can obtain data on firm fundamentals through
accounting indicators. We then construct a large array of firm-level predictor variables and
lag them to avoid look-ahead bias. We will also incorporate macro-finance predictors that
are used in return-prediction papers and may be relevant in showing short-seller behavior
rationality. We directly use the dataset compiled by Gu, Kelly, and Xiu (2020), which
includes 98 firm characteristics, which also contains the periodicity of each variable.
Additionally, we gather information on the beginning of month price, market cap, and
20 percent of NYSE market cap. We lag these variables to maintain accuracy. We use these
variables to filter our Short Interest dataset by filtering out firms which have a beginning
of month price less than five dollars, and firms which are under the 20 percent of NYSE
market cap. This results in our final dataset which contains the 94 variables listed (due to
some columns having been constructed later than the start date of our dataset), the shorting
volume (in percent), and identifier variables (PERMNO, YYYYMM). We also have outliers
in our original shorting volume dataset pulled from WRDS, so we just filter out any entries

that exceed 100% since it is unlikely (but not impossible) to have more shares being shorted



than outstanding. Table 1 contains the summary statistics for shorting volume (SHTSHR).

We use this final dataset to run all of our analysis (Table 2).

4 Methodology

We develop our methodology from Gu, Kelly, and Xiu (2020) in which we predict short
volume per month. Suppose for each stock i, we have a vector z;; of predictor variables (firm
characteristics, macroeconomic indicators, etc.) and a target s;,;;; denoting the shorting

volume over the next period. We want to approximate:
E[Sz‘,t+1 | Zi,t] = Q(Zi,t)7

where g captures complexities between the covariates and future shorting volume. When
we forecast shorting volume, our signal-to-noise ratio can be low, just like returns. OLS
regressions using all predictors is likely to fail due to the parameter space growing too large.
Instead, we use methods that impose parameter parsimony: penalized linear regressions
(Elastic Net, Lasso, Ridge); dimension reduction (PCR, PLS); and nonlinear methods (Re-
gression Trees, ML, and NN).

To emulate the time series nature of our monthly shorting volume data, we will divide our
data into a training, validation, and test window. The predictor set can also be similarly large
to the return prediction proposed in Gu, Kelly, and Xiu (2020). Before we fit our model, we
cross-sectionally rank-transform the variables to mitigate outliers and scale differences. On
the result front, we want to minimize the MSE in predicting the next period shorting volume.
We use robust loss functions to reduce the influence of outliers. Our primary performance
metrics are the root MSE and R? relative to historical average shorting volume. We also
analyze how these results align with events such as earnings announcements, short-squeeze
indicators, etc. We show how each predictor affects our forecasts and the marginal effects of

specific predictors.



4.1 ML Methods
4.1.1 Random Forest

Random Forest (RF) is a robust ensemble learning algorithm that combines multiple decision
trees trained on bootstrap samples of the data. Fach decision tree contributes independently,
and the final prediction is typically obtained through averaging (for regression) or majority
voting (for classification). RF is particularly advantageous for predicting shorting volume
due to its capability to capture complex nonlinear relationships and interactions between a
large number of financial predictors without overfitting. Additionally, RF effectively miti-
gates issues related to multicollinearity and is robust against outliers—common challenges
encountered in financial market data. Formally, the Random Forest prediction function for
Short Interest s; ;41 given predictor vector z;, is defined as:

1

8§71 (zi) = 5 Ty(2i)

o
I[-

where Tj(2;;) denotes the prediction from the b-th decision tree, and B is the total number
of trees in the Random Forest ensemble.

Our implementation sets the number of trees to vary between 250 and 500, our tree
depths vary between three and five, a learning rate of 0.01 or 0.1, and the we allow the trees

to use all the features for maximum complexity.

4.1.2 XGBoost

XGBoost (eXtreme Gradient Boosting) is a powerful ensemble machine learning algorithm
known for its efficiency, scalability, and strong predictive accuracy, particularly suitable for
financial applications such as forecasting Short Interest. Similar to Random Forest, XG-
Boost constructs an ensemble of decision trees; however, it does so sequentially, where each

new tree corrects the residual errors of previous trees. Its strengths lie in its sophisticated
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regularization mechanisms, optimized handling of large datasets, and parallelization, making
it particularly adept at managing noisy, high-dimensional financial data.

Formally, the XGBoost prediction function for Short Interest s; ;41 given predictor vector
z;+ 1s represented as an additive ensemble:

éﬁﬁ?(%,t) =

Jr(zid),

Nk

where fi(2;+) denotes the prediction from the k-th boosted decision tree, and K represents
the total number of trees sequentially added to the model.

In our implementation, the number of boosted trees K ranges from 250 to 500, tree depths
vary between one, three, and five, and we use all available features to maximize predictive
complexity while controlling overfitting through built-in regularization parameters (L1 and

L2 regularization terms).

4.1.3 Neural Network

Neural Networks (NN) are powerful machine learning algorithms capable of capturing highly
nonlinear and complex interactions between predictors, making them particularly suitable for
predicting financial outcomes such as shorting volume. Unlike traditional linear models, NNs
explicitly construct nonlinear mappings through interconnected layers of neurons, allowing
them to adapt flexibly to subtle data patterns.

Our implemented neural network is a feedforward multilayer perceptron (MLP) with
multiple hidden layers, ReLU activations, and dropout regularization to prevent overfitting.

Formally, the output of each neuron 7 in hidden layer [ is defined as:

nj—1
l -1 -1 -1
= (o4 Xkl
k=1

where: xg.l) is the output of neuron j in hidden layer [; f(-) = ReLU(:) = max(0, -) is the

activation function; QJ(.I,; U are the parameters (weights) connecting neuron £ in layer [ — 1
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to neuron j in layer /; and n;,_; is the number of neurons in the previous layer (I — 1). For
example, the second neuron in the first hidden layer transforms inputs into an output as

follows:
() (20+Z 9(0)>7

where z; denotes the j-th predictor, and p is the total number of predictors in the input
vector z;;. Finally, the outputs from the last hidden layer (L) are aggregated linearly into

an ultimate short-volume prediction:

zt—l—l(zlt _9 +ZxL

Explicitly, our neural network has the following structure: an input layer with the number
of neurons equal to number of predictors; hidden layers starting with 64 or 32 neurons (tuned
via validation) and decaying to 8 neurons by the fourth layer; and an output layer with a
single neuron predicting our desired Short Interest. We incorporate dropout regularization
between hidden layers, randomly dropping neuron activations with a dropout rate between
0.1 and 0.2. The network is trained using the Adam optimizer to minimize Mean Squared

Error (MSE) over 500 epochs, with a learning rate of 0.01.

4.1.4 Performance Evaluation

Model performance is systematically evaluated through several key metrics. Primarily, we
focus on predictive accuracy using the out-of-sample adjusted R?, measuring how well our

models predict future shorting volume relative to the historical mean. It is defined by:

D ii(Siprn — Sip41)?

Rpos =1—
00s zi,t(si,tJrl — 5441)?

where: s; 41 is the observed shorting volume for stock ¢ at time ¢ 4 1; §; 441 is the predicted

shorting volume from the model; and 5;,; is the historical average shorting volume up to
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time ¢. Models exhibiting higher R? demonstrate superior explanatory power. Additionally,
we rigorously assess the statistical significance of predictors and predicted short volume,
employing Fama-MacBeth regressions and computing Newey-West adjusted t-statistics to

account for serial correlation and heteroscedasticity.

4.1.5 Regression Models

We first estimate predictive regression models for short interest to establish baseline results
regarding our predicted short interest. Our specification regresses next-month short interest

on the current short interest (with and without the lag in the training data):

Slipp1 =+ Bsr STiy + €ipya, (1)
Sl =+ Bsr STy + 5}911) SIit1 + €igt1, (2)

This helps us understand how well predictions of short interest capture the persistence (pri-
vate information) in actual shorting behavior and improve forecasting accuracy.

Then, we estimate predictive regression models for stock returns to establish baseline
results regarding short interest. Our basic specification regresses next-month return on the

current short interest ratio and controls:

Tigp1 = o+ By STy + Bme + €it+1, (3)

where r; ;41 is the excess return for stock 7 in month ¢+ 1, S1;; is the short interest ratio (in
decimal form, so 0.10 = 10% of float) for stock ¢ at the end of month ¢, and Z,; denotes a
vector of control variables (such as momentum, size, value, etc., as described in Section 2)
for stock i at time t. The coefficient Bg; captures the predictive effect of short interest on
next-month returns, holding other factors constant. We expect Ss; to be negative if high

short interest predicts lower future returns (i.e. short sellers are correct on average).
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In some specifications, we include lagged short interest to assess how long the short

interest signal persists:
b1 = O sr1,, + 8% s, Y2+ 4
Tz,t+1 =a+ ﬁS[ 7t + ﬁg[ i,t—1 + ﬁZ 2,t + 51,t+1- ( )

Here SI;;—; is the short interest from one month prior (lagged one period further), with
coefficient @(911) If BSI) is near zero once current SI;; is included, it would indicate that the
impact of short interest is mostly realized within one month and does not carry over beyond
that. On the other hand, a significant ﬁéll) might suggest a more prolonged effect or a delayed
reaction by the market to short interest information.

We estimate the regressions using panel data across all stocks and months in the sample.
To account for the strong contemporaneous correlation in stock returns (e.g., market-wide
movements affecting many stocks in the same month), we include month fixed effects in some
specifications. However, including month dummies is equivalent to de-meaning returns by
the market’s return each month, which is similar to using excess returns as we do; thus, our
excess return specification already focuses on idiosyncratic performance. We do not include
stock fixed effects because our goal is to exploit cross-sectional differences (a stock’s short
interest relative to others at a given time), and including stock fixed effects would absorb all
time-invariant differences in average returns.

For inference, we report t-statistics based on robust standard errors clustered by month.
Clustering by month addresses the cross-sectional dependence issue by effectively treating
each month’s cross-section as one cluster. This adjustment, which is analogous to a Fama-
MacBeth two-step approach (averaging monthly regression slopes and using their time-series
variability to gauge significance), ensures that our statistical significance is not overstated
due to many stocks moving together. In all regression tables, ¢-statistics (in parentheses)

are based on these month-clustered standard errors.
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4.2 Training Approaches
One-Shot Approach

The one-shot analysis complements our rolling-window results by fitting the Random Forest
model once on a static training and validation set (comprising 60% of the data) and sub-
sequently evaluating predictive performance on the remaining 40% test set. Similar to the
rolling approach, standardization of predictor variables utilizes statistics derived solely from
the training-validation set. We perform hyperparameter optimization via TimeSeriesSplit
cross-validation, selecting the optimal model configuration based on the lowest validation

mean squared error (MSE).

Rolling-Window Approach

The rolling-window approach partitions the data sequentially into training, validation, and
testing sets. Specifically, we employ a training window of 48 months up to 60 months,
followed by a 12-month validation window, and finally a 1, 6, 12, or 24-month test win-
dow. These windows are iteratively advanced throughout the dataset. Within each itera-
tion, predictor variables are standardized using the training data only to avoid look-ahead
bias. Variables are appropriately lagged to avoid lookahead bias. Hyperparameter tuning is
conducted via TimeSeriesSplit cross-validation within the combined training and validation
dataset, ensuring temporal consistency. The out-of-sample model performance is evaluated
using the root mean squared error (RMSE) and R? metrics, reflecting predictive accuracy

and explanatory power.

Historical Window Approach

In addition to the above methodologies, we implement a historical window approach, which
incrementally expands the training window as more historical data becomes available after

each test period. Specifically, each year of testing data is preceded by all available historical
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data up to that point, thus reflecting the real-world scenario wherein an investor uses all
past information when making decisions. This approach differs from the rolling-window by
continuously enlarging the training set rather than moving it forward in time. Similar to pre-
vious approaches, we standardize predictors based only on historical data available at each
prediction point, ensuring no future data leakage. Hyperparameter tuning and model valida-
tion are performed using TimeSeriesSplit cross-validation. The historical window approach
enables us to leverage the increasing availability of historical data, potentially enhancing

predictive accuracy and stability over time.

5 Results

5.1 Random Forest One-Shot and SHAP Analysis

Our one-shot Random Forest analysis achieved notable (not for the right reasons) predic-
tive accuracy with a low RMSE and negative R? on the test set, highlighting the model’s
overfitting issues when considering data without rolling windows. To interpret predictor
importance, we apply SHAP (SHapley Additive exPlanations), providing a nuanced under-
standing of variable contributions to Short Interest predictions.

The SHAP summary plot (Figure 1) reveals share turnover (‘turn’), illiquidity (‘ill’), and
dollar volume traded (‘dolvol’) as the most influential predictors of Short Interest. High
turnover and dollar volume are positively correlated with increased Short Interest, reflecting
short sellers’ preference for liquidity, while high illiquidity tends to decrease short-selling
activity, likely due to higher trading frictions.

Other key predictors include volatility of turnover (‘std turn’), tangibility (‘tang’), and
firm age (‘age’). High volatility in turnover signals greater uncertainty, thus attracting short
sellers, while lower asset tangibility is associated with increased perceived risk, also elevating
Short Interest. Younger firms are more frequently targeted, suggesting greater informational

asymmetry and perceived mispricing.
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The SHAP analysis further highlights the nuanced effects of research and development
measures (‘rd_sale’ and ‘rd _mve’), with increased R&D intensity typically associated with

reduced Short Interest, indicative of investors interpreting these investments positively.

5.2 Rolling and Historical Window Models

In Table 2, we show results from a comparative analysis of various rolling and historical
data-based Random Forest and XGBoost models to determine the optimal specification for
predicting Short Interest, ultimately guiding our regression analysis. Parameters from differ-
ent model specifications show varying predictive accuracy, as measured by their respective
R? values. Among the models evaluated, the 12-month rolling Random Forest model with 60
months of training and the 12-month historical data XGBoost model emerged as particularly
notable due to their higher predictive performance and statistical significance.

The enhanced predictive accuracy from these models suggests that a balanced approach
in training size and historical window effectively captures the evolving market dynamics in-
fluencing Short Interest. The statistical significance observed further justifies their selection,
indicating robustness in identifying meaningful relationships within the data.

Given these insights, we decided to utilize the 12-month rolling Random Forest model
with 60 months of training and the 12-month historical data XGBoost model in our regres-
sions. This decision is driven by the objective of leveraging statistically significant models
capable of robustly capturing short-term shifts in market conditions, thereby ensuring the

subsequent regression analysis is grounded in somewhat reliable predictive inputs.

5.3 Short Interest and Predicted Short Interest Regressions

Table 3 presents the results from regressions that explain next month’s short interest (S7;41)
using current short interest (S1;) and predicted short interest (§_7 ¢). Columns (1) through
(3) compare the specifications without lagged short interest, while columns (4) through (6)

include lagged short interest in the training of the prediction model.
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In the no-lag specification, current short interest (SI;) strongly predicts next month’s
short interest with a coefficient of 0.918 (column 1) and remains highly significant when
both actual and predicted short interest are included (column 3). Predicted short interest
alone also has strong predictive power (0.867 in column 2). The adjusted R? values indicate
that actual short interest alone (0.933) slightly outperforms the combination of actual and
predicted short interest (0.934).

When lagged short interest is included in the ML model (columns 4-6), predicted short
interest becomes more informative, achieving a coefficient of 0.908 alone (column 5) and
remains statistically significant when combined with actual short interest (0.163, column
6). However, the coeflicient on actual short interest drops to 0.777, suggesting predicted
short interest captures part of its explanatory power. The R? slightly improves (0.935) when

combining both actual and predicted short interest.

5.4 Short Interest and Stock Return Regressions

Table 4 explores the predictive power of short interest and predicted short interest for next
month’s stock returns (R;y1). Columns (1)-(3) present results without lagged short interest,
and columns (4)-(6) include lagged short interest in the ML training.

Actual short interest negatively predicts future returns consistently across all specifi-
cations, with significant negative coefficients of -0.0476 (column 1) and -0.0523 (column 3).
Predicted short interest alone also negatively forecasts returns (-0.0285, column 2), but when
combined with actual short interest, its effect diminishes and becomes insignificant (0.0178,
column 3).

Including lagged short interest in the ML training (columns 4-6) yields similar results.
Actual short interest remains negatively significant (-0.0461, column 4; -0.0272, column 6),
while predicted short interest is significantly negative alone (-0.0478, column 5) but loses
significance when combined (-0.0217, column 6). The R? values remain stable around 0.185,

suggesting limited incremental predictive ability from predicted short interest.
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Table 5 directly contrasts actual next-month short interest (SI:y1) and predicted short
interest (5/7 ¢) in forecasting returns. Without lagged short interest, actual next-period short
interest significantly predicts lower returns (-0.0291, column 1; -0.0280, column 3), while
predicted short interest alone significantly forecasts negative returns (-0.0285, column 2) but
loses significance when combined (-0.0042, column 3).

With lagged short interest, the sign and significance notably shift. Actual next-period
short interest shows a significant positive coefficient (0.0489, column 6), indicating a po-
tential reversal or informational interpretation when predicted short interest is considered.
Predicted short interest strongly predicts negative returns alone (-0.0478, column 5) and
retains substantial predictive power combined with actual short interest (-0.0922, column 6).

Overall, actual short interest remains the most consistent predictor of negative future
returns. Predicted short interest adds informational value primarily when trained on lagged
data and appears valuable in identifying systematic market expectations rather than cap-

turing purely private information.

5.5 Economic Insights

The finding that actual short interest has stronger predictive power for stock returns than
a machine-learned prediction suggests that short sellers’ real-time positions carry unique
information that a model’s expected value cannot fully capture. In other words, the actual
short interest observed in the market reflects the convictions of informed traders, whereas
the model-predicted short interest reflects only what one would anticipate based on publicly
known factors.

Our prediction represents a synthesized expectation of short interest based on observable
inputs (fundamentals, technical indicators, macro variables). One can think of it as the
level of short interest one would predict if all market participants used a very sophisticated,
data-driven model. If a stock has declining earnings, poor credit indicators, high valuations,

and negative momentum, both human analysts and a machine-learning model would expect
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higher short interest. But if those problems are already public, much of that expectation is
baked into the stock’s price. Hence, the predicted component may simply capture known
risk factors rather than mispricing, explaining its weaker return-predictive power.

In contrast, deviations of actual short interest from its prediction are likely driven by
idiosyncratic, unmodeled reasons: qualitative insights (e.g. proprietary research, fraud ru-
mors, sector-specific information) or nonlinear combinations of factors that even a complex
model misses. Economically, predicted short interest serves as a proxy for investor expecta-
tions—what the broader market thinks SI; “should” be given all obvious data. When actual
short interest diverges upward from this baseline, it signals that informed traders collectively
perceive more downside risk than one would infer from public metrics alone. Such a surprise
often precipitates price declines as the market updates on new information.

Notably, even gradient-boosted trees—powerful at uncovering complex patterns—fall
short of capturing this divergence, indicating that short sellers’ advantage stems not only
from past data but from forward-looking judgment: news, rumors, and investor interpreta-
tion. Indeed, when periodic short interest disclosures exceed expectations, the market reacts
sharply, aligning with the notion that actual short interest embeds unexpected, price-moving
information that a backward-looking model cannot fully anticipate. Even when including
the lagged short interest in training, we find that the return predictability does not improve,

suggesting that short interest is persistent.

5.5.1 Extension to Stock Returns

When we include the ML-predicted short interest ST ¢+ as an additional regressor in our
Fama—MacBeth return regressions, the coefficient on ST ¢ is economically small and sta-
tistically insignificant. This indicates that the nonlinearities and higher-order interactions
captured by the ML model add almost no incremental return-predictive power beyond estab-
lished linear effects (momentum, size, value, volatility, and actual short interest). Another

indication here is that the information used by short traders is based on private information
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rather than purely public information.

6 Next Steps

We have a meeting scheduled with Professor Matthew Ringgenberg (Utah), to discuss our
results and see where we can improve and tweak the framework to gain some more significant
results. In addition, we intend to expand the dimensionality of our predictor set by incorpo-
rating a broader universe of firm characteristics and macro-financial indicators. Specifically,
we will utilize the Open Source Asset Pricing (OSAP) dataset, which includes over 200 stan-
dardized predictors commonly used in asset pricing literature. This expansion will allow us
to investigate whether the inclusion of more nuanced signals can uncover latent structures
or nonlinear relationships relevant to short interest prediction. By increasing the richness of
our input space, we hope to improve the signal-to-noise ratio and test the robustness of our
model architectures to larger, more diverse feature sets.

Lastly, once all predictive models and datasets are finalized, we will evaluate the practical
utility of our predicted shorting volume by constructing and analyzing long-short portfolios.
These portfolios will be formed by taking long positions in stocks with low predicted shorting
activity and short positions in stocks with high predicted shorting volume. Performance
metrics such as average returns, Sharpe ratios, and alphas relative to standard factor models
will be computed. This analysis will allow us to assess whether the information extracted
by our machine learning models has not only statistical but also economic value in forming

profitable trading strategies.
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Table 1: Summary Statistics for Short Interest

Statistic Value
Observations 753,248
Mean 2.957
Standard Deviation 19.861
Minimum 0.000
25th Percentile 0.069
Median 0.881
75th Percentile 3.363
Maximum 4.373.080

Table 2: Summary Statistics for ML Models

Training Parameters Beta N-W adj.R?
1 Month Rolling Random Forest -0.0017 -1.01 0.0160
12 Month Rolling Random Forest -0.0023 -1.28 0.0166

12 Month Rolling Random Forest (more validation) -0.0032 -1.57 0.0156
12 Month Rolling Random Forest (more training)  -0.0015 -1.90 0.0094

6 Month Historical Data Random Forest -0.0028 -1.52 0.0147
12 Month Historical Data Random Forest -0.0028 -1.53 0.0148
24 Month Historical Data Random Forest -0.0026 -1.37 0.0152
12 Month Historical Data XGBoost -0.0015 -1.91 0.0100

Note: We use winsorized returns at the top and bottom 1% in the Fama MacBeth regression.

Table 3: Explaining Short Interest S1;,4

No Lag With Lag
(1) (2) (3) (1) (2) (3)
ST 0.918%*x* 0.900***  (0.918*** 0.777**
(0.0054) (0.0069)  (0.0053) (0.0322)
S1, 0.867***  (0.069*** 0.908%**  (0.163***
(0.0148)  (0.0061) (0.0036)  (0.0320)

Constant 0.247%%%  (.704%%%  (.131%%%  0.244%%%  (.319%F%  (.196%*
(0.0151)  (0.0357) (0.0068) (0.0144) (0.0097) (0.0047)

Observations 717,608 717,608 717,608 694,637 694,637 694,637
R? 0.933 0.684 0.934 0.934 0.896 0.935

* p<0.10, ** p<0.05, *** p<0.01
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Table 4: Explaining Returns R, (percentage-point units)

No Lag With Lag
(1) (2) (3) (1) (2) (3)
ST —0.0476** —0.0523**  —0.0461*** —0.0272**
(0.0060) (0.0065) (0.0060) (0.0129)
g}t —0.0285*** 0.0178 —0.0478**  —0.0217
(0.0106) (0.0118) (0.0062) (0.0132)
Constant 0.962*** 0.898*** 0.932** 0.952*** 0.955"** 0.959**
(0.0161) (0.0254) (0.0258) (0.0162) (0.0164) (0.0168)
Observations 717,608 717,608 717,608 694,637 694,637 694,637
R? 0.183 0.183 0.183 0.185 0.185 0.185
* p<0.10, ** p<0.05, *** p<0.01
Table 5: Predicting Returns R;,; Using Future SI vs. Predicted SI
No Lag With Lag
(1) (2) (3) (1) (2) (3)
STy —0.0291*** —0.0280"*  —0.0263*** 0.0489***
(0.0060) (0.0067) (0.0061) (0.0120)
gﬁt —0.0285"**  —0.0042 —0.0478***  —0.0922***
(0.0110) (0.0120) (0.0061) (0.0120)
Constant 0.911%* 0.898*** 0.918* 0.899*** 0.955"** 0.939**
(0.0170) (0.0250) (0.0260) (0.0170) (0.0160) (0.0170)
Observations 717,608 717,608 717,608 694,637 694,637 694,637
R? 0.183 0.183 0.183 0.185 0.185 0.185

* p<0.10, ** p<0.05, *** p<0.01
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