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Highlights

‘We aim to design a pairs trading strategy that is free from diverging price spread.

-Cubic nonlinearity between pairs could enable dynamic hedging of idiosyncratic cashflow risk.
‘Flipping the pair position for positive cubic nonlinearity enhances the strategy significantly.

Abstract

This study suggests an enhancement for the pairs trading strategy without using other
exogenous variables. We show that pairs exhibiting negative cubic nonlinearity between
returns enhance trading performance by over-hedging large cash flow shocks. To detect such
local nonlinear relationships, we employ Neural Additive Models (NAMs) and flip the position
of pairs when there is positive cubic nonlinearity. We find stock-level evidence for the
performance of overhedging idiosyncratic cash flow shocks, and a trading strategy based on
our criterion yields economically and statistically significant returns.

Keywords: Idiosyncratic cashflow risk; Local nonlinear relationship; Neural additive models;
Pairs trading

JEL Classification: G12 (Asset Pricing, Trading Volume, and Bond Interest Rates), G14
(Information and Market Efficiency, Event Studies, Insider Trading)

1. Introduction

Pairs trading is a statistical arbitrage strategy based on relative valuation, where profits arise
from the convergence of mispricing between two stocks or portfolios, with limited exposure to
systematic risk. Despite concerns about transaction costs due to the strategy’s contrarian and
high-turnover nature, Do and Faff (2012) show that it continues to generate statistically
significant returns in the U.S. market after accounting for such costs. A central issue in the
literature is the observed decline in profitability over time. Following the publication of Gatev,
Goetzmann, and Rouwenhorst (2006, hereafter GGR), numerous studies confirm a downward
trend in returns. While this decline is often attributed to investor learning and increasing market
efficiency (McLean and Pontiff, 2016), Do and Faff (2010) argue that it is instead driven by
unexpected divergence in price spreads.

Cointegration-based methods have been considered among the most effective approaches to

pairs trading (Huck and Afawubo, 2015; Blazquez and Roman, 2018), so increased divergence
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serves as critical counter-evidence to the strategy’s profitability. Non-converging pairs appear
to be primarily influenced by idiosyncratic factors. Jacobs and Weber (2015) show that firm-
specific news weakens returns, consistent with Do and Faff (2021), who link higher aggregate
idiosyncratic cash flow risk to lower profitability. Farago and Hjalmarsson (2019) argue that
pairs formed from different firms rely on weaker dependency structures and may lack true
cointegration. Such structures such as shared industry affiliation or common factor exposures
often exhibit autocorrelation over longer horizons, in contrast to the low serial correlation
typically observed in individual stock returns (DeMiguel, Nogales, and Uppal, 2014; Ehsani
and Linnainmaa, 2022; Pan, Liano, and Huang, 2004). This persistence suggests that price
spreads may temporarily revert toward a dynamic equilibrium, creating opportunities for
relative value strategies. Price-based models remain attractive in this context due to their
parsimonious structure and suitability for mean-reversion testing under relatively stable
conditions (Focardi, Fabozzi, and Mitov, 2016). Recent frameworks such as partial
cointegration (Clegg and Krauss, 2018) seek to distinguish between temporary price reversals
and persistent idiosyncratic components. However, the literature still lacks a clear framework
for endogenizing these spread divergence risks into trading strategies, limiting practical
applicability.

We contribute to the literature by proposing a solution to the problem of endogenizing risk
in pairs trading. When large, asymmetric shocks affect a pair’s price spread, a natural
adjustment is to dynamically hedge against these shocks. However, pairs trading is typically
implemented as a static, high-turnover strategy with a fixed hedging ratio. We show that a
simple parametric condition like the presence of cubic nonlinearity in the return relationship
between the two stocks allows for dynamic hedging within a static framework. Figure 1
illustrates this using a negative cubic nonlinearity between the benchmark return and the return
of stock i. This nonlinearity may arise temporarily due to mispricing or asymmetric shocks to
fundamentals. We first examine the case of fundamental shocks. Under negative (positive)
cubic nonlinearity, stock i is under- (over-) hedged during small shocks relative to the optimal
hedge ratio, increasing (decreasing) exposure to idiosyncratic risk and impacting pairs trading
profits. When shocks are large, the strategy over- (under-) hedges the stock, thereby reducing
(increasing) exposure. A straightforward adjustment is to reverse the pair position when
positive cubic nonlinearity is detected. By exploiting this return nonlinearity, the strategy
effectively adjusts exposure to minimize sensitivity to large, idiosyncratic shocks. In the case
of mispricing, the mechanism is more nuanced. When the cubic nonlinearity stems from
mispricing rather than fundamental shocks, a previously under- or over-hedged position may
in fact be optimal, enhancing arbitrage opportunities. In such cases, flipping the position could
diminish profitability by placing the pair on the wrong side of the mispricing.

Figure 1. Over-hedging and under-hedging in pairs trading
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Note. The figure illustrates a case where stock i is hedged against a benchmark stock or
portfolio in a pairs trading strategy. The black solid line represents the realized return
relationship, incorporating idiosyncratic shocks. The black dotted line indicates the global
linear relationship used to determine the fixed hedge ratio. The black dashed lines show locally
optimal hedging schemes under varying magnitudes of return shocks. The red dotted arrow
highlights under-hedging during a small return realization, while the blue dotted arrow
indicates over-hedging during a large return realization.

Our objective is to explore this novel approach and empirically assess the trade-off between
reduced exposure to idiosyncratic shocks and potential losses from mispricing bets. We use a
deep learning algorithm to detect cubic nonlinearity in noisy return signals, which serves as a
trigger for flipping positions within a given pair. While neural networks are rarely applied to
traditional investment strategies, recent studies in asset pricing demonstrate that incorporating
economic structure into machine learning models can improve both predictive accuracy and
interpretability (Cong, Feng, He, and He, 2025; Gu, Kelly, and Xiu, 2021). We build on this
insight. Our empirical results show that the proposed methodology has delivered higher and
more stable returns than standard pairs trading over the past five decades, with performance
differentials increasing in recent years. Return decomposition methods that decompose the
monthly log returns of each stock into contributions from over-hedged and under-hedged
period show that, in recent years cashflow risk affects the pairs trading return negatively, driven
by the large loss in underhedged return of pairs with positive cubic nonlinearity. By controlling
for idiosyncratic shocks in the spread by flipping the position of these pairs, the enhanced pairs
trading strategy effectively manages pairs spread divergence with minimal sacrifice of
arbitrage potential.

2. Methodology



We begin by replicating the benchmark pairs trading strategy of Chen, Chen, Chen, and Li
(2019), which selects trading pairs based on return correlations. We then introduce an
estimation framework for cubic nonlinearity using generalized additive models (GAM). For
each stock 7, we compute the Pearson correlation coefficients between its monthly returns and
those of all other stocks over the preceding 60 months (from year t—4 to t). The 50 stocks with
the highest correlations are selected to form the stock i’s pairs portfolio. The equally-weighted
average return of these 50 stocks in month 7 serves as the benchmark return, denoted Cret; ;.
We define return deviation from the benchmark as:

RetDiffi. = B - (Cret,. — Rf.) — (Lret,, — Rf.), S

where Rf; is the risk-free rate at time 7, Lret;, is the return of stock i, and S is the slope
coefficient from regressing the stock i’s returns on its pairs portfolio returns over the past 60
months. The RetDiff metric captures the deviation of a stock’s realized return from its expected
return implied by the benchmark, serving as a signal of temporary mispricing. Using the lagged
RetDiff values, we construct a market-neutral long-short portfolio. At the end of month t©— 1,
stocks are ranked based by RetDiff;._1. The decile portfolios are constructed from this
indicator.

We now describe our estimation procedure for the cubic nonlinearity in the GAM framework.
Formally, our model is specified as:

0=2x,+ f(xz,t) + €, (2

where x;, denotes the return of the target stock at time ¢, and x,, denotes the return of is
associated pairs portfolio. The shape function f'is estimated using a modified version of Neural
Additive Models (NAM), a data-driven approach well-suited for approximating nonlinear
components in GAM. The function f is approximated using a feedforward neural network,
referred to as a subnet. Under the universal approximation theorem, neural networks can
approximate any continuous function given sufficient capacity. Since the underlying
relationship is expected to resemble less than cubic nonlinearity, each subnet can effectively
estimate the shape functions using a small number of neurons. In our implementation, we use
one hidden layer with 2 to 4 sigmoid-activated neurons per subnet, which is sufficient for
capturing the anticipated nonlinearity. Figure 2 illustrates the architecture of the proposed
NAM model. The two inputs are fed separately into the subnet and a simple linear layer with
fixed parameter as an identity function, each outputting a scalar corresponding to f (let) and
x1, itself. These outputs are then standardized via batch normalization to have zero mean and
unit variance. The difference between the normalized outputs is used as the target for the
minimization objective during training.

Figure 2. Graphic depiction of the NAM model
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Notes. Each block represents a neural network layer, consisting of multiple nodes or a
functional transformation. The number of nodes in each layer is indicated to the right of the
figure. Red blocks denote expansion layers that increase dimensionality to capture nonlinear
relationships, while blue blocks indicate compression layers that reduce inputs to scalar outputs.
Green blocks represent functional transformations such as activation or normalization. The data
flows from top to bottom through the network architecture.

In machine learning applications, hyperparameters must be tuned prior to model
deployment. In our study, the number of neurons in the hidden layer is selected via 3-fold cross-
validation. The optimizer is fixed to Adam with a learning rate of 0.001, a commonly used
configuration. The optimal number of training epochs is determined using validation
performance from each fold, with early stopping applied when no improvement is observed for
10 consecutive epochs. Given the low model complexity, we do not apply regularization
techniques such as penalty terms or dropout layers. Lastly, since applying NAMs yields the
estimated shape function f, we assess their cubic nonlinearity. We fit a simple multiple
regression for shape function f, using evenly spaced input variables spanning the observed
range. The sign of the cubic term coefficient serves as the classification criterion: a positive
value suggests a negative cubic nonlinearity, indicating that the given stock pair needs a flipped
position. The regression model is given by:

f(x)) = by + byx; + byx? + byx? +e;. (3)

The NAM-based augmentation for pairs trading proceeds as follows. For each stock and its
corresponding pairs portfolio, we train the NAM model using a zero-vector target, with inputs
Cret;. — Rf; and Lret;, — Rf;. The training period matches that used for estimating S,
ensuring methodological consistency. After training, the estimated shape function fis evaluated
through a multiple regression analysis to detect nonlinearity. We generate a grid of 100 equally
spaced input values ranging from the minimum to the maximum observed during training and
use these to compute the corresponding shape function outputs. A multiple regression is then
run on each shape function, and the cubic term coefficient is extracted. Position is flipped for



a stock pair for the following year if the cubic coefficient is positive; otherwise, we use the
standard pairs trading position.

3. Data

Monthly stock returns and market capitalization data are sourced from CRSP database. We
use the full sample to calculate the RetDiff metric and to generate trading pairs, utilizing the
entire cross-section of stocks to construct each stock’s pairs portfolio. The sample period spans
from January 1969 to December 2023. However, following the methodology of Chen, Chen,
Chen, and Li (2019), the implementation of the pairs trading strategy requires a 60-month
rolling window for pair selection, making January 1964 the effective start of the trading period.
We construct two key variables: (1) RetDiff, the return deviation from the benchmark, and (2)
Dummynan, a binary indicator for position flip signal. Dummynaa is set to 1 when a stock a
have conditional expected return with positive cubic nonlinearity when conditioned on pairs
portfolio return, and 0 otherwise. Approximately 54.91% of observations have positive cubic
nonlinearity over the sample. The main variables used for constructing the pairs trading
portfolio is shown in Table 1.

Table 1. Descriptive statistics

N Mean Std 1 Q Med 314Q

R 1,344,693 0.99% 15.50% -4.92% 0.54% 5.81%
MktCap 1,344,693 5,214 30,750 100.6 439.8 2,108
RetDiff 1,344,693 -1.60% 16.04% -5.14% -0.02% 4.24%

Notes. The table presents the descriptive statistics of variables used in the estimation of pairs
trading strategy returns. R and MktCap denote the monthly stock return and market
capitalization, pooled across all observations, respectively. The returns are expressed in
percentage points, and market capitalization is measured in millions of dollars, and rounded to
the nearest unit. RetDiff represents the return difference between a stock and its pair portfolio
and is in percentage points. Columns N, Mean, Std, 13 Q. Med, 3™ Q report the number of
observations, average value, standard deviation, first quartile value, median value, and third
quartile, respectively.

We then collect data to give factor-based explanations for our strategies, as well as test their
hedging capability. For the risk-free rate used in pair selection and control variables for
common return factors, we use the Fama-French three factors, risk free rate, the momentum
factor, and the short-term and long-term reversal factors. Additionally, betting against beta
factor is included for further analyzing the mispricing exploitation channel. The data is
obtained from Kenneth French’s data library, with the exception of betting against beta factor,
which is sourced from the Global Factor Data website by Jensen, Kelly, and Pedersen (2023).
Lastly, for analyzing the pairs trading profits at the firm-level, we gather the firm characteristics
data that is known to have predictive power on the cross-section of stock returns. Market beta
for Betting against beta strategy (BAB), log cashflow volatility (CFV), and standardized
unexpected earnings (SUE) are our main variables. The insight of Do and Faff (2021) shows
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that price spread divergence risk of pairs is closely linked to idiosyncratic risk in firm cash
flows. In a more factor-based approach, this relates to Huang (2009), where historical cash
flow volatility is associated with cross-sectional return difference. While Do and Faff’s (2021)
approach is on idiosyncratic cash flow risk generated from a given pair of information, Huang
(2009)’s approach is a more market-wide phenomenon which we can generalize the result
better. Following Huang (2009)’s findings that the idiosyncratic cashflow volatility component
with respect to industry-level systematic cashflow volatility is similarly priced, we use the cash
flow volatility of Huang (2009) as a proxy for firm-level cashflow risk. We conjecture that the
nonlinear expected value of the stock return relative to the benchmark could indicate time-
varying beta conditional to volatility. Overpricing of high-beta assets and underpricing of low-
beta assets could persist during high funding constraints (Frazzini and Pedersen, 2014) and the
inherent difficulty of arbitraging large mispricing in general (Chen, Cai, Faft, and Shin, 2022).
Market downturns and higher volatility are induced by interaction between declining investor
wealth and information inefficiency (Glebkin, Gondhi, and Kuong, 2021), which enables
conditionally low beta during volatile regimes could be the source of mispricing exploitation
by incorporating the cubic nonlinearity. We also use the dummy variable for the post-GGR
period to compare the difference of factor exposure between the two periods. As firm-level
shocks are known to be influential to pairs trading profits, we include the earnings
announcement effects as well. Some other controls are log market capitalization (SIZE), log
BM ratio, Amihud’s lambda (AMI), monthly change in Amihud’s lambda (AAMI), 12-month
momentum (MOM), and short-term reversal (STR). We add some downside risk-related firm
characteristics for further analysis of the strategy’s riskiness. These variables are downside beta
(BETApown) and Coskewness (COSKEW). For the firm characteristics, we use the data of
Jensen, Kelly, and Pedersen (2023) provided by WRDS.

For identifying the cashflow risk channel on over-hedging and under-hedging returns, we
decompose the log-return of each stock into the over-hedged component and the under-hedged
component. We use the linear approximation function fo and the cubic approximation function
f of the expected stock return conditional on its benchmark return, and define a daily return of
stock i over-hedged if (fo(Rrench)- f{Rbench)) SEN(Rpencr) >0 and under-hedged otherwise. We add
up all the log daily returns of each group during a given month to form the over-hedged return
Rounder-hedged return Ry, whose sum equals the total return log(R+1).

4. Empirical Result

First, we test the hypothesis that addressing cubic nonlinearity between a stock return and
its benchmark does have dynamic hedging ability and risk reduction for pairs trading. For this
analysis, we assume that we use stocks in the top and bottom deciles of Retdiff sorted portfolios.
Table 1 shows the result of the factor exposure of the difference between the over-hedged
component and the under-hedged component of the pairs trading return. We find that there is
a striking change in cashflow risk exposure before and after the publication of GGR. Pre-GGR-
era, over-hedged returns drive all the negative impact of the cashflow risk exposure. Post-GGR
era is quite the opposite. While this regression is not informative on the causal relationship
between GGR publication and idiosyncratic cash flow risk structure in pairs trading, it does



show that taking advantage of the over-hedge part of pairs trading returns became a more
important factor of pairs trading profits.

Table 1. Factor exposures of over-hedged return and under-hedged strategy return

Ro Ru Ro-Ru
BAB 0.296 -0.234 0.530
(1.178) (-0.983) (1.130)
CFVOL -0.907%*** 1.084#** -1.99]***
(-5.061) (5.381) (-5.332)
SUE -0.025 -0.009 -0.016
(-0.843) (-0.355) (-0.328)
GGR*BAB -0.196 -0.068 -0.128
(-0.615) (-0.236) (-0.227)
GGR*xCFVOL 1.005%*%* -1.088%** 2.093%**
(6.081) (-6.462) (6.488)
GGR*SUE -0.006 0.036 -0.041
(-0.139) (0.931) (-0.565)
SIZE 0.455%** -0.584%** 1.039%**
(6.861) (-9.002) (8.237)
BM 0.646%** -0.551%*** 1.197%**
(5.063) (-4.504) (5.009)
AMI -0.002 0.005%* -0.007+
(-0.799) (2.398) (-1.690)
AAMI -0.003 0.002 -0.005
(-0.865) (0.519) (-0.751)
MOM 0.059 -0.117 0.176
(0.751) (-1.607) (1.286)
STR -7.116%** 11.138%** -18.255%**
(-5.358) (10.299) (-9.293)
BETApown -0.725%** 0.742%** -1.467***
(-5.810) (6.098) (-6.267)
COSKEW -0.366* 0.413%* -0.779*
(-1.974) (2.239) (-2.237)
Num.Obs. 262,476 262,476 262,476
R? 0.020 0.027 0.024
Adj. R? 0.014 0.020 0.017

Notes. Table 1 presents coefficient estimates from firm-month panel regressions that link the
monthly cumulative log pairs trading strategy returns of the over-hedged component (Ro), the

under-hedged component (Ry), and their difference (Ro — Ry) to a number of firm
characteristics. The explanatory variables are the betting-against-beta loading (BAB), log cash-



flow volatility (CFVOL), standardized unexpected earnings (SUE), a post-GGR dummy
(GGR), log market capitalization (SIZE), log book-to-market (BM), Amihud’s illiquidity (AMI)
and its monthly change (AAMI), twelve-month momentum (MOM), the short-term reversal
(STR), downside beta (BET Apown); and coskewness (COSKEW). Interaction terms such as
GGR x CFVOL allow these loadings to shift across the pre- and post-GGR sub-periods. All
regressions absorb SIC code-based industry fixed effects as well as calendar-month fixed
effects, and the reported t-statistics, shown in parentheses beneath the coefficient estimates, are
computed from standard errors double-clustered by industry and month. Num.Obs. denotes the
number of observations. R* measures the overall fraction of total variation in the dependent
variable explained by the model, while the Within R* gauges the fit after de-meaning at the
firm level, isolating the time-series component. Adjusted R? and within adjusted R? penalize
the inclusion of additional regressors, providing a more conservative assessment of explanatory
power once degrees of freedom are taken into account. Statistical significance is denoted by *
p <0.10, ** p <0.05, and ™" p < 0.01.

Strategic position flips using cubic nonlinearity should come with some advantage. We
estimate the economic and statistical significance of these actions with subsample analysis with
positive or negative cubic nonlinearity. Table 2 shows the subsample analysis. We do not report
on the control variable coefficients for visibility, however we report that there is little difference
in other factor exposures between two subsamples, with exception on coskewness. We find a
interesting evidence that stocks with positive cubic nonlinearity are the main driver of
aggregative exposure on idiosyncratic cashflow risk. Before GGR, idiosyncratic risk gave more
profits to stock with positive cubic nonlinearity due under-hedged position the cashflow risk.
However, that circumstance had changed as under-hedging now cause larger loss than over-
hedged position gives. This mechanism is not discovered on the subsample with negative cubic
nonlinearity. This result extends the discussion of rising idiosyncratic cash flow risk and its
effect on pairs trading by Do and Faff (2021). As positive cubic nonlinearity implies that under-
hedging occurs in more larger shocks, the recent increase in idiosyncratic volatility resulted in
large cashflow-related shocks to be under-hedged, resulting in higher exposure to idiosyncratic
cashflow risk. This is also consistent with the fact that positive cubic nonlinearity between
stock return and its benchmark implies larger tail risk and kurtosis, where hedging against
larger shocks is more important.

Table 2. Subsample analysis of factor exposures of strategy return components.

Positive Negative
Ro Ry log(R+1) Ro Ru log(R+1)
BAB 0.357 -0.258 0.099 0.225 -0.244 -0.019
(1.100)  (-0.802) (0.570) (0.670) (-0.757) (-0.095)
CFVOL -0.8117°" 1.128™  0.318"™ -0.9877"" 1.005°* 0.019
(-4.062) (5.144)  (3.538) (-3.951) (3.768) (0.232)
SUE -0.018 -0.010 -0.028 -0.035 -0.001 -0.036
(-0.424) (-0.358)  (-0.931) (-0.891) (-0.025) (-1.039)



Positive Negative

Ro Ru 10g(R+1) Ro Ry 10g(R+1)
GGRx  -0316 0044  -0272 20.051 20.151 20.202
BAB

(-0.754)  (0.112)  (-0.912) (-0.113)  (0.370)  (-0.660)
GGRx  0934™ -1.140™" -0.206" 1.080"™*  -1.019™"  0.061
CFVOL

(4.803)  (-5.664) (-2.164) 4.092)  (-3.992)  (0.537)
GGR x -0.021 0.052 0.031 0.018 0.004 0.021
SUE

(-0364) (1.050)  (0.808) 0.301)  (0.063)  (0.461)
Num.Obs. 140,971 140,971 140,971 121,505 121,505 121,505
R? 0.023 0.030 0.023 0.029 0.036 0.023
Adj. R? 0.012 0.019 0.012 0.016 0.024 0.010

Notes. able 1 presents coefficient estimates from firm-month panel regressions with
subsamples that link the monthly cumulative log pairs trading strategy returns of the over-
hedged component (Ro), the under-hedged component (Ry), and their sum log(R+1) to a
number of firm characteristics. Positive indicates the regression is run on subsample with
positive cubic nonlinearity, while Negative indicates the regression is run on subsample with
negative cubic nonlinearity. The explanatory variables are the betting-against-beta loading
(BAB), log cash-flow volatility (CFVOL), standardized unexpected earnings (SUE) and a post-
GGR dummy (GGR). Interaction terms such as GGR x CFVOL allow these loadings to shift
across the pre- and post-GGR sub-periods. All regressions absorb SIC code-based industry
fixed effects as well as calendar-month fixed effects, and the reported t-statistics, shown in
parentheses beneath the coefficient estimates, are computed from standard errors double-
clustered by industry and month. Num.Obs. denotes the number of observations. R* measures
the overall fraction of total variation in the dependent variable explained by the model, while
the Within R? gauges the fit after de-meaning at the firm level, isolating the time-series
component. Adjusted R? and within adjusted R? penalize the inclusion of additional regressors,
providing a more conservative assessment of explanatory power once degrees of freedom are
taken into account.

Based on our findings, we examine the profitability of an enhanced strategy using cubic
nonlinearity. We begin by evaluating the profitability of the pairs trading strategy, comparing
the baseline approach with additional position flips. Table 3 reports monthly raw returns and
risk-adjusted alphas under both specifications. The naive strategy delivers an annual return of
about 5 percent. While the raw returns are statistically significant, the strategy return is mostly
attributed to risk factors. The five-factor alpha is around 3 percent and statistically insignificant.
In contrast, the position flipping substantially enhances overall strategy performance. The
annual raw expected return is about 6.0%, and risk-adjusted returns are about 5.2% and
statistically significant. Similar results are observed under the three-factor model. Notably, the
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performance gains are concentrated in the long leg. While the alpha contribution on the short
leg decreases by 0.06 percentage points per month, the alpha on the long leg increases by 0.22

percentage points per month. This asymmetry is inconsistent with conventional findings that
the short side of market anomalies is more affected by limits to arbitrage (Chu, Hirshleifer, and
Ma, 2020). While pairs trading is not strictly a market anomaly, it is clear that the
outperformance of our enhanced strategy is not due to short sale constraints or related market

frictions.

Table 3. Monthly pairs trading strategy profitability

Raw return Three-Factor Alpha  Five-Factor Alpha
Panel A. Benchmark pairs trading strategy
Q1 0.43 -0.17 -0.03
(1.48) (-1.03) (-0.21)
Q2 0.18 -0.40™ -0.337
(0.84) (-4.98) (-4.28)
Q3 0.17 -0.39™ -0.38""
(0.90) (-5.98) (-5.50)
Q4 0.36° -0.20™ 0.17°
(1.92) (-3.46) (-2.79)
Q5 0.51° -0.04 -0.04
(2.99) (-0.80) (-0.76)
Q6 0.54" -0.00 -0.02
(2.98) (0.00) (-0.29)
Q7 0.66"" 0.11° 0.07
(3.69) (1.71) (1.07)
Q8 0.76"" 0.18" 0.16™
(4.09) (3.42) (2.95)
Q9 0.97° 0.36™" 0.38"
(4.63) (4.77) (4.95)
Q10 0.86"" 0.17 0.25"
(3.52) (1.47) (2.03)
Q10-Ql1 0.44™ 0.34° 0.28
(2.32) (1.66) (1.54)
Panel B. Enhanced pairs trading strategy
Q1 0.53#* -0.11 0.03
(1.74) (-0.68) (0.16)
Q2 0.42° -0.18™ -0.10
(1.85) (-2.12) (-1.10)
Q3 0.40™ 0.16™ -0.14™
(2.13) (-2.51) (-2.10)
Q4 0.45™ -0.12" 0.117°
(2.39) (-2.31) (-1.97)
Q5 0.40"" 0.16™° -0.18™
(2.17) (-3.13) (-3.32)
Q6 0.517" -0.02 -0.05
(2.92) (-0.47) (-0.89)
Q7 0.54™ -0.01 -0.00
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(3.06) (-0.29) (-0.02)

Q8 0.55™ 0.15 -0.02
(3.06) (0.12) (-0.29)
Q9 0.73" 0.15™ 0.14™
(3.94) (2.80) (2.82)
Q10 1.03" 0.39" 0.47"
(4.84) (4.38) (4.85)
Q10-Q1 0.50™ 0.51" 0.44™
(2.72) (2.81) (2.49)

Notes. The table presents the monthly average returns of pairs trading strategies using a one-
month lagged RetDiff. Panel A and Panel B present the performance of the benchmark and
enhanced pairs trading, respectively. QN refers to a value-weighted Nth decile portfolio sorted
by RetDiff. Q10—Q-1 denotes the long-short portfolio that takes a long position in the decile
portfolio with the largest RetDiff and a short position in the decile portfolio with lowest RetDiff-
Raw return indicates the unconditional average return of each portfolio. Three-Factor Alpha
refers to the intercept from the Fama-French 3 factor model, and Five-Factor Alpha refers to
the intercept from the Fama-French 3 factor model with additional momentum and short-term
reversal factors. t-statistics are reported in parentheses, with standard errors adjusted using the
Newey—West estimator with six lags.

Table 4 reports the investment performance of the NAM-augmented strategy across various
metrics. The strategy outperforms the benchmark on all major risk-adjusted measures,
including the compound annual growth rate (CAGR), Sharpe ratio, and Sortino ratio. It also
exhibits lower risk, as indicated by a marginal difference in volatility while having lower value
at risk (VaR), maximum drawdown (MDD), and expected shortfall (ES). This result highlights
the potential of our enhanced strategy as an alternative to a practical asset management
application.

Table 4. Historical performance of pairs trading strategies

Metric Benchmark NAMs
CAGR 3.34% 4.33%
Sharpe Ratio 0.21 0.26
Sortino Ratio 0.11 0.14
Volatility 16.30% 16.58%
MDD -82.84% -72.98%
VaR -7.24% -5.91%
ES -11.13% -11.06%

Notes. The table reports performance and risk measures for the benchmark strategy and the
NAM-augmented strategy. CAGR, Sharpe Ratio, and Sortino Ratio represent the compound
annual growth rate, the ratio of annualized expected return to annualized volatility, and the
ratio of annualized expected return to annualized downside deviation, respectively. Volatility,
MDD, VaR, and ES represent monthly volatility scaled by the square root of 12, the maximum
drawdown observed over the sample period, the 95 percent one-month Value at Risk, and the
95 percent one-month Expected Shortfall, respectively. The Benchmark refers to the baseline
pairs trading strategy, and NAMs refers to the strategy that excludes spurious pairs identified
by our method. Values corresponding to the strategy with superior performance are presented
in bold.
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Figure 3 presents the performance trend of cumulative returns for both trading strategies.
Panel A shows that the NAM-augmented approach consistently outperforms the benchmark
across most periods. Panel B illustrates a steadily increasing cumulative excess return for the
NAM-based strategy over the 24-year investment horizon, resulting in a 105 percent gain in
buy-and-hold terms. This highlights the long-term benefit of excluding spurious pairs from the
trading universe. The performance improvement is primarily attributable to the long leg of the
strategy, a finding that holds particular relevance for investors subject to short-selling
constraints.

Figure 3. Time-series plots of cumulative returns of the pairs trading strategies
Panel A. Benchmark versus NAM-augmented pairs trading profits

= Benchmark =— NAMs Augmented
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Log Cumulative Return (%)
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Panel B. Log cumulative excess return of the NAMs-augmented pairs trading strategy

— Excess Return - - LonglLeg =— ShortlLeg

100 s
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-
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g
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Notes. The figure illustrates the time-series performance of the benchmark and NAM-
augmented pairs trading strategies. The vertical axis shows the log cumulative returns,
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representing the logarithm of cumulative buy-and-hold returns. Each marker on the horizontal
axis corresponds to a ten-year interval. Panel A compares the benchmark pairs trading strategy
(black dotted line) with the NAM-augmented strategy (blue solid line). Panel B displays the
cumulative excess return of the NAM-augmented strategy over the benchmark. The black line
shows the total excess return, while the blue dotted line and red dashed line represent the
contributions from the long and short legs, respectively.

We conduct additional analysis to identify the source of long-leg outperformance. The highly
likely candidate for explaining the outperformance is the betting against beta (BAB) factor, or
more generally, a beta anomaly factor, as positive cubic nonlinearity in benchmark return
sensitivity implies time-varying beta during market downside volatility. We first decompose
the excess return of our NAMs augmented pairs trading strategy relative to the standard pairs
trading, Reycess: as:

— pM ) (L) )
Rexcess,t =R NAMs,t — RNAMs,t - (RBench,t - RBench,t)’ (4)

where R,(,)’? denotes the X leg (either long, L or short, S) of strategy Y (either enhanced strategy,

NAMs, or Benchmark, Bench). We can rewrite the formula to:

— p® ) _ (pW L) (8 )
Rexcesst = Ry "+ Ry = (R NAMs,t — RBench,t) + (RBench,t - RNAMS,t)' ()
where REL) = R%%Mslt - R)(BLe)nchlt and Rgs) = Ré?nch‘t — R,E,?Ms't. By this we decompose

the excess return of the NAMs strategy into long leg contribution and short leg contribution.
The difference of NAMs strategy compared to its benchmark is that it flips the position for
positive cubic nonlinearity. As the pooled correlation between cubic nonlinearity and betting
against beta-style market beta shows a small but statistically significant positive value, we
suspect there is a difference in beta anomaly-related exposures. Table 3 shows the static factor
exposure of excess return components and their sum. In aggregate terms, only exposures on
beta anomaly and short-term reversals show statistical significance. The contribution of the
beta anomaly is significant only on the long leg, indicating that long leg outperformance might
be caused by the beta anomaly. We acknowledge that the intercept of the long leg is still
statistically significant with decent economic size (about 2% per year), so this is not the holistic
picture of the outperformance.

Table 5. Factor model regression on excess return components

R t(L) R t(S) R t(L)_|_ R t(S)
Intercept 0.189™ -0.068 0.121
(2.04) (-0.94) (0.93)
BETA 0.112" 0.033 0.146™
(3.80) (1.25) (3.82)
MKT -0.005 -0.029 -0.035
(-0.18) (-0.93) (-0.67)
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SMB -0.063" 0.025 -0.038

(-1.85) (0.65) (-0.73)
HML -0.022 0.001 -0.020
(-0.46) (0.06) (-0.32)
UMD -0.016 0.038 0.022
(-0.48) (1.65) (0.46)
REV -0.024 0.116™ -0.140™
(-0.62) (2.78) (-2.07)
N 659 659 659
Adj-R2 0.074 0.093 0.104

Notes. The table presents the factor exposure of the excess NAMs strategy return against its
benchmark. MKT denotes the market excess return of the stock market. SMB and HML denote
the factor-mimicking portfolio returns for long-short factors of the Fama-French three factors.
UMD, REV, and BETA denote the momentum, short-term reversal, and betting against beta
factor-mimicking portfolio return, respectively. ¢-statistics are reported in parentheses, with
standard errors adjusted using the Newey—West estimator with six lags.

6. Conclusion

This paper contributes to the pairs trading literature by proposing an enhancement strategy
that incorporates a novel indicator for dynamically hedging idiosyncratic cash flow risk.
Building on the existing framework, our model endogenizes pair price spread divergence,
offering a new perspective on pairs trading. This enables both the development of next-
generation benchmark strategies for evaluating pairs trading returns and broader applications
in statistical arbitrage.

Beyond its relevance to pairs trading and quantitative investing, our research contributes to
the emerging field of explainable Al in finance. Our approach can be viewed as a nonlinear
generalization of correlation analysis. In contrast to conventional financial machine learning
models that emphasize predictive accuracy at the expense of interpretability, we identify a
theoretically grounded feature—cubic nonlinearity—to enhance transparency. In this regard,
our work aligns with the growing movement to embed economic structure into machine
learning as a nonlinear extension of classical, falsifiable financial models.

In sum, our methodology advances pairs trading while promoting greater integration of
interpretability and economic theory in machine learning applications within finance.
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