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Abstract

This thesis investigates whether incorporating macroeconomic information
into parametric portfolio policies improves portfolio performance. Building
on the framework of Brandt, Santa-Clara, and Valkanov (2009), the model
allows firm characteristics to interact with macroeconomic indicators, gener-
ating time-varying portfolio weights that respond to shifts in the economic
environment.

Using monthly U.S. stock data from 1970 to 2022, the results show
that conditioning on macroeconomic variables improves in-sample Sharpe
ratios across four model specifications, each based on distinct macroeco-
nomic themes. However, out-of-sample performance is more volatile, espe-
cially early in the sample when estimation risk is high. To address this, the
thesis introduces an ¢,-norm constraint on the characteristic-macro interac-
tion coefficients (#). This regularization technique limits the magnitude of
parameter estimates, improving robustness and reducing turnover without
substantially sacrificing in-sample performance. Applying regularization on
the parameters in a parametric portfolio policy framework represents a key
contribution of the thesis, as previous literature has applied the regularization
on the final portfolio weights (DeMiguel et al., 2009).The constrained models
often outperform their unconstrained counterparts out-of-sample, suggesting
that regularization enhances the practical applicability of macro-conditioned
strategies.

The study also benchmarks the four model specifications against 495 al-
ternative macro-variable combinations, finding that the chosen specifications
are representative and not sample-specific outliers.

Finally, the analysis shows that macroeconomic interactions help uncover
conditional effects in traditional factors, such as size and value, that are
not observable in static models. The findings support the role of macro
conditioning in asset allocation and highlight the importance of balancing
flexibility with robustness in dynamic portfolio design.
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1 Introduction

This thesis investigates whether incorporating macroeconomic information
into characteristic-based portfolio policies can improve risk-adjusted perfor-
mance. Building on the parametric portfolio policy (PPP) framework of
Brandt, Santa-Clara, and Valkanov (2009), their model is used to allow firm
characteristics to interact with macroeconomic indicators, generating time-
varying exposures that adapt to changes in the economic environment.

The central research question is whether macro-conditioned, dynamic
portfolios outperform benchmark strategies and traditional characteristic-
based models. The hypothesis is that allowing portfolio weights to adjust as
a function of macroeconomic conditions enhances return predictability and
produces more robust allocations. This is tested using monthly U.S. stock
return data from 1970 to 2022, evaluating both in-sample and out-of-sample
performance.

The core contribution of the thesis is empirical. Results show that in-
teracting firm characteristics with macroeconomic variables consistently im-
proves in-sample performance. Mean returns and Sharpe ratios are higher
across all model specifications relative to equal-weighted, value-weighted, and
static parametric portfolios. To ensure these gains are not purely driven by
in-sample overfitting, four macroeconomic model specifications are compared
to the full set of 495 possible four-variable macro combinations. While some
of the highest-performing portfolios are hybrid combinations with limited
theoretical justification, the four benchmark models span the center of the
performance distribution. This suggests that the chosen specifications are
representative rather than overfit outliers.

However, these gains do not always persist out-of-sample. Early in the
sample, limited training data leads to unstable coefficients, elevated turnover,
and large drawdowns. Over time, performance stabilizes as the estimation
window expands. In contrast, the time-invariant parametric model maintains

more robust out-of-sample performance throughout, benefiting from stable



estimates and lower sensitivity to changing economic regimes.

To address this challenge, an /5 constraint is imposed on the macro-
characteristic interaction coefficients, 6. This regularization technique lim-
its the magnitude of parameter values and discourages extreme allocations,
thereby improving stability and reducing estimation error. While most ap-
plications of regularization in portfolio optimization focus on the weights
directly (DeMiguel et al., 2009), this thesis contributes by applying regular-
ization at the coefficient level, within a parametric policy framework. This
distinction represents a new contribution. By limiting the overall magnitude
of the coefficients that link firm characteristics to macroeconomic indicators,
the model mitigates the influence of noisy or unstable interactions before
they translate into portfolio allocations. The results indicate that the /5-
constrained models substantially reduce turnover and, in many cases, deliver
higher out-of-sample Sharpe ratios than their unconstrained counterparts.
These findings suggest that regularization improves the robustness and prac-
tical applicability of macro-conditioned portfolio policies, particularly in sit-
uations with limited data.

Beyond performance metrics, the interaction terms uncover conditional
effects that are not visible in the baseline model. For instance, while the
static model finds no significance for firm size, this characteristic becomes
significant under certain macroeconomic conditions, particularly when con-
ditioning on market-aggregated valuation indicators. Similarly, exposures to
value and momentum increase during periods of high money supply. These
results are consistent with the view that macroeconomic conditions affect
risk premia through shifts in investor preferences (Cochrane, 2011).

This thesis contributes to the literature on conditional asset pricing and
dynamic portfolio construction. While traditional factor models emphasize
static cross-sectional predictors, more recent studies highlight the importance
of time-varying exposures and state-dependent risk premia (Lettau and Lud-
vigson, 2001; Adrian and Franzoni, 2009; Bali, Brown, and Tang, 2017). The



approach taken here adopts a portfolio-based framework that captures this
time variation while preserving interpretability and computational efficiency.

The PPP model of Brandt, Santa-Clara, and Valkanov (2009) provides
the foundation. By modeling portfolio weights directly as a function of
firm characteristics, the PPP framework avoids the complexity of traditional
mean-variance optimization, which relies on separately estimating expected
returns and covariances and becomes increasingly computationally demand-
ing as the number of assets increases. Their approach delivers low turnover,
strong out-of-sample performance, and interpretable coefficients. This thesis
extends their application by conditioning portfolio weights on a broader set
of macroeconomic indicators, beyond the single term spread example used in
the original paper.

This extension is motivated by a long-standing challenge in asset pricing.
As Chen, Roll, and Ross (1986) note:

” A rather embarrassing gap exists between the theoretically ex-
clusive importance of systematic ‘state variables’ and our com-
plete ignorance of their identity.” (Chen, Roll, and Ross, 1986:p.384)

Subsequent research has attempted to close this gap by linking factor returns
to economic indicators such as inflation, interest rates, and credit spreads
(Chen, Roll, and Ross, 1986; Flannery and Protopapadakis, 2002; Ludvigson
and Ng, 2007; Li et al., 2019). Other studies show that factor premia vary
across macroeconomic regimes (Petkova and Zhang, 2005; Cochrane, 1999;
Avramov and Chordia, 2006), and that macro-conditioned strategies can
improve timing and performance (Cooper, Gulen, and Vassalou, 2001; Ham-
merschmid and Lohre, 2018).

Together, the results of this thesis highlight the potential of characteristic
portfolios conditioned on macroeconomic indicators to improve risk-adjusted
performance while also demonstrating the importance of regularization for

robustness. The findings contribute to the ongoing discussion on how macroe-



conomic signals can be incorporated into portfolio construction in a system-

atic and interpretable way.

The remainder of the thesis is structured as follows: Section 2 reviews
the relevant literature. Section 3 outlines the theoretical model. Section 4
describes the data. Section 5 describes the empirical methodology. Section
6 presents the results, and Section 7 discusses their implications. Section 8

concludes.



2 Literature Review

This section reviews key strands of the literature relevant to this thesis,
with particular emphasis on integrating firm characteristics and macroeco-
nomic indicators in portfolio construction. The discussion is organized into
four parts: (1) characteristic-based investing, (2) parametric portfolio opti-
mization, (3) macroeconomic predictors in asset pricing, and (4) interactions

between characteristics and macroeconomic conditions

2.1 Characteristic-Based Investing

The use of firm characteristics to explain the cross-section of stock returns
is well-established. Fama and French (1992) introduce the size and value
factors, showing that small-cap and high book-to-market (value) stocks sys-
tematically outperform large-cap and growth stocks respectively. This foun-
dational work was extended in the Fama and French (2015) 5-factor model,
which include profitability and investment as additional explanatory vari-
ables.

Jegadeesh and Titman (1993) introduce momentum, which captures the
empirical tendency of past winners to continue outperforming past losers.
Novy-Marx (2012) refine this insight by showing that intermediate-term mo-
mentum, specifically returns from 12 to 7 months prior, offers the strongest
signal. Carhart (1997) combines momentum with the 3-factor model of Fama
and French (1992) to create his four-factor model, which explain the persis-
tence in mutual funds returns.

More recent contributions, such as the g-factor model by Hou, Xue, and
Zhang (2015), emphasize investment and profitability, demonstrating that
these factors better capture return anomalies than previous models.

A key debate on this topic concerns whether these return premia reflect
risk exposure or firm-specific characteristics. Daniel and Titman (1997) argue

that it is not factor loadings but the characteristics themselves that explain



return premia. Barberis, Shleifer, and Wurgler (2005) offer a complemen-
tary demand-based explanation, suggesting that investor categorization and
sentiment, rather than fundamental risk, drive stock co-movement.

Recent work by Ehsani and Linnainmaa (2022) shows that factors them-
selves exhibit momentum. Factor portfolios that have performed well recently
continue to do so, implying time variation in risk premia and reinforcing the
importance of dynamic allocation.

Together, these findings provide the foundation for characteristic-based
portfolio construction, which this thesis extends through parametric model-

ing and macroeconomic conditioning.

2.2 Parametric Portfolio Optimization

Traditional mean-variance approaches, such as Markowitz (1952), estimate
expected returns and covariances separately. In contrast, Brandt, Santa-
Clara, and Valkanov (2009) propose a utility-based optimization framework
in which portfolio weights are directly parameterized as functions of firm
characteristics. This allows for more stable estimates and better out-of-
sample performance due to the persistence of the characteristics and low
turnover.

This approach also facilitates diversification across characteristics, by
jointly estimating all firm characteristics. For example, Asness, Moskowitz,
and Pedersen (2013) show that combining value and momentum improves
Sharpe ratios of portfolios compared to the single-characteristic counterpart,
due to their negative correlation. Hjalmarsson (2011) find that portfolios
diversified across several characteristics outperform those built on individual
signals.

Simon, Weibels, and Zimmermann (2025) propose Deep Parametric Port-
folio Policies, replacing linear mappings from firm characteristics to portfolio
weights with machine learning neural networks that flexibly capture non-

linear and interactive effects. Their results suggest that increased model



flexibility enhances investor utility, especially for less risk-averse investors,
while risk aversion itself acts as a form of economic regularization. They find
that as the risk aversion of the investor increases, the complex deep portfolio
policies converge to the linear variant.

These advances motivate the parametric design adopted in this thesis,

allowing for dynamic and characteristic-driven portfolio allocation.

2.3 Macroeconomic Predictors in Asset Pricing

The role of macroeconomic conditions in asset pricing has long been studied.
Chen, Roll, and Ross (1986) find that unexpected changes in macro variables,
such as the term spread, inflation, and industrial production, are priced in
the cross-section of returns. Ferson and Harvey (1991) and Campbell and
Thompson (2008) emphasize the role of dividend yields and interest rates
in forecasting returns. Studies by e.g. Flannery and Protopapadakis (2002)
and Ludvigson and Ng (2007) show that changes in interest rates, monetary
aggregates, and inflation significantly affect both expected returns and risk
premia. Ferson and Schadt (1996) provide evidence that fund managers
adjust their portfolios in response to macroeconomic signals, suggesting that
institutional investors condition their exposures on the state of the economy.

Recent structural approaches also underscore the role of macro risks. Li
et al. (2019) show that fluctuations in consumption, investment, and pol-
icy shocks account for much of the variation in returns. He, Kelly, and
Manela (2017) similarly extract macro factors from cross-sectional return
data, finding that macroeconomic shocks explain a large share of return vari-
ation.

Campbell and Thompson (2008) and Gu, Kelly, and Xiu (2020) show
that combining macro predictors improves forecasts, especially when flexible
non-linear models are used.

These findings support the inclusion of macroeconomic variables as con-

ditioning signals in portfolio strategies, particularly when combined with



firm-level information.

2.4 Interactions Between Characteristics and Macroe-

conomic Conditions

While factor models often assume constant exposures, growing evidence sug-
gests that factor loadings and return premia vary over time. Lettau and
Ludvigson (2001) and Adrian and Franzoni (2009) show that factor sensitiv-
ities change with macroeconomic conditions. Cochrane (1999) and his later
presidential address Cochrane (2011) argue that risk premia reflect compen-
sation for bearing macro risk, particularly during recessions.

Bali, Brown, and Tang (2017) find that value and momentum premia are
amplified during financial distress. Petkova and Zhang (2005) provide partial
support for a conditional risk story—value stocks have higher betas in bad
times, but not enough to fully explain the value premium.

Factor timing models attempt to exploit this time variation. Avramov
and Chordia (2006) show that allowing factor loadings to vary with macro
conditions explains much of the size and value anomalies. Hodges et al. (2017),
Dichtl et al. (2019), and Chordia and Shivakumar (2002) all demonstrate that
factor performance varies across business cycles, motivating time-varying al-
locations.

Cooper, Gulen, and Vassalou (2001) and Cooper, Gulen, and Schill (2008)
show that macro indicators improve returns when used to guide factor expo-
sure, especially for value and size. Barroso and Santa-Clara (2015) highlight
the downside risk of momentum strategies and advocate for conditional al-
locations to avoid momentum crashes.

Recent advances further improve these models. Gu, Kelly, and Xiu (2020)
and Kagkadis et al. (2024) show that macro-conditioned machine learning
methods can significantly enhance portfolio performance. Hammerschmid
and Lohre (2018) introduce regime-switching models to detect latent states,

finding that macro-conditioned regimes enhance out-of-sample Sharpe ratios.
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Campbell and Thompson (2008) warn, however, that successful timing
requires strong economic constraints or regularization to avoid overfitting.
Supporting this view, DeMiguel et al. (2009) show that imposing an fo-norm
constraint on portfolio weights can improve out-of-sample performance in
a mean-variance setting by reducing estimation error. This thesis extends
that idea by applying /s regularization to the #-coefficients in a parametric
portfolio framework, thereby stabilizing the mapping from macroeconomic
and firm-level information to portfolio weights.

These studies motivate the empirical design of this thesis, which extends
parametric portfolio models to account for macro-characteristic interactions

using observable economic signals.



3 Theoretical Model

This thesis follows the framework of Brandt, Santa-Clara, and Valkanov (2009),
where portfolio choice is optimized by directly modeling the portfolio weight
of each asset as a function of the asset’s characteristics. The goal is to

choose asset weights that maximize the expected utility to the investor from

U (i: wi,tri,t+1>] . (1)

The utility function u(-) represents investor preferences over returns. While

the portfolio return.

max. Ey[u(rpe1)] = Ey
{wie}isy

there are multiple utility specifications that could be used, such as quadratic,
exponential, or logarithmic utility, this thesis adopts the constant relative risk
aversion (CRRA) form, following Brandt, Santa-Clara, and Valkanov (2009).
It is defined as:

(1 Tip)y 77, (2)

where 7 is the relative risk aversion parameter. The choice of v = 5 reflects

u(ry) =

a moderately risk-averse investor, consistent with common practice in the
asset allocation literature, and allows for direct comparison with the results
of Brandt, Santa-Clara, and Valkanov (2009). The weights w;;, are linear

functions of the firms characteristic.

Wiy = Wiy + ﬁteii,t (3)
Here 0 are the coefficients to be estimated, NV; is the number of stocks in
the portfolio at time ¢, w;; represents the weight of an asset in a benchmark
portfolio, and Z;; are the cross-sectionally standardized characteristics.

The term N; allows the function to have any number of assets, and also

allows the number of assets to vary over time. The cross-sectional standard-
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ization of characteristics means that the mean of  is zero at each time-period
t, which means that the optimal weights will automatically sum to 1, and as
such there is no need for normalization of the weights. The second reason
for standardizing the characteristics is that the cross-sectional distribution
of Z is then stationary through time, which is not necessarily the case for the
non-standardized characteristics, as is evident from figure 1.

Since 0 are constant through time and across all assets, the portfolio
weight is only a function of each asset’s characteristics, and not of the as-
set’s historical returns. Brandt, Santa-Clara, and Valkanov (2009) show that
having constant coefficients through time imply that the coefficients which
maximize the investor’s conditional expected utility at any given period t re-
main consistent across all time-periods. Consequently, these coefficients also
maximize the investor’s unconditional expected utility. This means that the
unconditional optimization, equivalent to the conditional utility optimization

in equation 1, can be written in terms of only 6:

u (Zt (@i e)ri,t+1>] (4)

This can be maximized by using the sample analog to estimate

1 I N 1
max - ; u (; (@i,t + Ff@',t) Tz‘,t+1> (5)

Brandt, Santa-Clara, and Valkanov (2009) emphasize that although the

investor holds a single portfolio, the return of that portfolio can be decom-

max Elu(ry )] = B

posed into two distinct components: a passive market exposure and an active
hedge component. When the benchmark portfolio w;, is chosen to be the

value-weighted market, the portfolio return can be written as:
Nt Nt

1
Tpttl = E Wi tTit+1 + E A O 475141 = Tmtp1 + Thitl (6)
t
1

=1 1=

11



This decomposition clarifies the economic intuition behind the model.
The investor passively holds the market and dynamically adjusts exposures
through a hedge portfolio that takes long positions in firms with favorable
characteristics and short positions in those with unfavorable ones. The size
and direction of these active positions are decided by the parameter vector

0, which is optimized to maximize expected utility.

3.1 Bootstrapped standard errors

To evaluate the statistical significance of the estimated 6-coefficients, stan-
dard errors are computed via bootstrap. This approach does not rely on
asymptotic normality and is robust to non-normal distributional features
of returns and characteristics, as emphasized by Brandt, Santa-Clara, and
Valkanov (2009).

The bootstrap is implemented as follows:

1. Resampling: 7" monthly observations of returns, characteristics, and
macro indicators are sampled with replacement from the original sam-

ple to construct a unique dataset.

2. Re-estimation: For each bootstrap sample, the optimization problem

in equation 8 is solved to obtain a new estimate of 6.

3. Repetition: Steps 1 and 2 are repeated 1000 times, yielding a distri-

bution of 8 estimates.

4. Covariance Matrix Estimation: The covariance matrix Yy is esti-

mated as the sample covariance of the bootstrapped #-vectors.

5. Inference: Standard errors are calculated as the square root of the
diagonal entries of S, and t-statistics are used to assess individual

coefficient significance.

12



This method ensures that the reported standard errors account for tem-
poral dependence, non-Gaussian features, and heteroskedasticity, making the
inference more robust than standard OLS-based methods (Horowitz, 2001;
Efron and Tibshirani, 1994).

3.2 Interaction with macroeconomic indicators

As an extension of the portfolio policy described in equation 3, one can allow
the portfolio weights to have time-varying coefficients by interacting the firm

characteristics with macroeconomic indicators.

1
Wiy = Wiy + ﬁte(zt ® Tit) (7)

This allows the weights to vary by each characteristic, z;;, over time by
the conditioning macroeconomic indicators z;. Here z; ® ; + is the Kronecker
product between the indicators and characteristics. Using the Kronecker
product means that the estimation of € is no longer one coefficient per char-
acteristic, but a K x M matrix of coefficients, where K is the number of firm
characteristics and M is the number of macroeconomic predictors. Since the
Kronecker product rapidly increases the number of coefficients to be esti-
mated, limiting the number of predictors is essential to reduce overfitting

and mitigate estimation error from limited data.
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4 Data

4.1 Stock Returns and Characteristics

The data used are monthly returns and characteristics from the CRSP-
Compustat merged dataset from January 1970 to December 2022. The def-
initions of the firm characteristics follow those of Brandt, Santa-Clara, and
Valkanov (2009) for market equity, book-to-market ratio, and lagged one-
year return. In addition to these characteristics, the analysis is extended by
including the profitability and investment characteristics from the five-factor
model of Fama and French (2015). Exact definitions of each characteristic

are outlined below.

1. Market equity (me), defined as the log of the firms market capitalization

at the end of the previous month.

2. Book-to-market ratio (btm), defined as the log of one plus the ratio
of book equity to market equity. Book equity is constructed as total
liabilities subtracted from total assets, plus balance sheet deferred taxes

and investment tax credits, minus preferred stock value.

3. Lagged one-year return (mom), defined as the compounded return over
month t-13 to t-2. This is designed to capture the momentum effect in

stock returns.

4. Profitability (prof), defined as operating income before depreciation
divided by book equity.

5. Investment (inv), defined as the change in total assets from year t-2 to

t-1, divided by the total assets from year t-2.

Figure 1 shows the mean value and standard deviation of the cross-section

of firm characteristics from January 1970 to December 2022.
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Figure 1: Summary Statistics of Firm Characteristics from January 1970
to December 2022. The mean values are calculated as the arithmetic mean
of the cross-section of the full sample of firms each month. The standard
deviation is the cross-sectional deviation between firms each month. For
each time-period, Me is defined as the log of market equity, BT M is the log
of one plus the book-to-market ratio, Momentum is defined as the one-year
return between month ¢ — 13 and ¢ — 2, Profitability is the ratio of operating
income before depreciation over book equity, while Investment is the one-year
growth of total assets.

4.2 Macroeconomic variables

The definitions of the macroeconomic variables, used for extending the port-
folio policy to allow for time-varying coefficients, are from the comprehensive
list of Welch and Goyal (2008). From their list, those variables deemed most

relevant for predicting time-varying characteristic performance are chosen,
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based on established findings in the literature. Cooper, Gulen, and Vas-

salou (2001) show that the performance of the size and value characteris-

tics have predictability relating to interest rates and default risk. Neely et

al. (2014) also find that the dividend yield has significant predictive power

for the equity premium. The time-period available for the predictor variables

is from December 1968 to November 2022. In total, the following twelve vari-

ables are used.

1.

10.

Dividend yield (d/y) is the market aggregate difference of the log of
dividends and log of lagged prices.

. Price-to-Earnings ratio (p/e) is the market aggregate difference be-

tween the log of prices and the log of earnings.

Book-to-Market ratio (b/m) is the market aggregate ratio of book value

to market value.

Stock Variance (svar) is the sum of squared daily returns from the
CRSP universe of stocks.

Treasury-bill (tbl) is the secondary market rate on US 3-month treasury

bills from the Federal reserve bank at St. Louis data base.
Long term yield (Ity) is the yield on US 10-year government bonds.

Term spread (tms) is the difference in between the long term yield and

the treasury-bill rate.

Default yield spread (dfy) is the difference in yield between BA A-rated
and AAA-rated corporate bonds.

Default return spread (dfr) is the difference in yield between AAA-rated

corporate bonds and the long term yield.

Inflation (infl) is the change in consumer price index (CPI) from month
t-2 to t-1 divided by the CPI in month t-2.

16



11. Unemployment (unrate) is the unemployment rate for month t-1.

12. Money Supply (M2) is the total U.S. money supply, including cash,
checking accounts, savings accounts, and other short term savings. Re-

tirement accounts and deposits over 100,000 USD are excluded.

Ferson, Sarkissian, and Simin (2003) show that persistency in predictor
variables, like the macroeconomic indicators, can lead to spurious findings
when examining stock return predictability. To avoid these spurious findings,
the method of de-trending the variables described by Dichtl et al. (2019) is
employed.! All macroeconomic variables are standardized by subtracting
their mean and dividing by their standard deviation. A rolling window of
the previous 12 months, t — 12 to ¢t — 1, is used to calculate the mean and
standard deviation. According to Dichtl et al. (2019), excluding the current

observation, t, allows for stronger innovations in the predictors.

! Performance metrics from the optimization using raw, non-detrended macroeconomic
data are reported in the appendix. As the results are qualitatively similar to those obtained
with detrended data, they are not discussed further in the main text.
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5 Methodology

5.1 Empirical implementation

Like Brandt, Santa-Clara, and Valkanov (2009), a CRRA utility function is
used to implement the optimization for 8, with the risk aversion parameter,

v, equal to five so the maximization problem becomes

(8)

Where,

Ny
.
Tpt+l = <Z (wi,t + Fexi,t> Tz‘,t+1> 9)

i=1 t

To ensure the optimized portfolio is practical for institutional investors,
only the 500 largest firms by market capitalization are included in the opti-
mization each month. This constraint prevents excessive allocation to micro-
cap stocks and restricts the selection to firms with higher liquidity in the
secondary market.

While Brandt, Santa-Clara, and Valkanov (2009) allow for a time-varying
number of stocks each month, restricting the number of firms to be constant
means that it is possible to utilize vectorized operations in the optimization

process, which is more computationally efficient.

5.2 Model Specification for Macroeconomic interac-
tion

To test the hypothesis that portfolio performance can be improved by al-

lowing the optimized #-coefficients to depend on macroeconomic indicators,

four model specifications are constructed. These models are based on the

empirical findings of Cooper, Gulen, and Vassalou (2001), Hammerschmid
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and Lohre (2017), and Neely et al. (2014), and each incorporates a different
combination of macroeconomic variables identified as relevant predictors of
stock returns.

Rather than including all twelve available macroeconomic indicators si-
multaneously, the specifications are restricted to four variables per model.
This restriction reflects a trade-off between model flexibility and parsimony.
When the characteristics are interacted with macroeconomic variables via
a Kronecker product, the number of coefficients to estimate increases as a
product of the number of macroeconomic variables and characteristics. Using
all twelve variables across five characteristics would result in 60 coefficients,
which increases the complexity of the optimization problem and risks over-
fitting. This can reduce stability and interpretability, and deteriorate out-
of-sample performance (Brandt, Santa-Clara, and Valkanov, 2009; Ferson,
Sarkissian, and Simin, 2003).

The macro-based conditioning models are defined in table 1.
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Model Theme Variables

M1 Business cycle Term spread, T-bill,
Default yield spread, Inflation

M2 Aggregate Equity Market Dividend yield, Price-to-Earnings,

Book-to-Market, Stock variance

M3 Regime-sensitive Term spread, Unemployment,

Inflation, Money supply (M2)

My Hybrid Model Dividend yield, Term spread,

Stock variance, Inflation

Table 1: Model Specifications Based on Macroeconomic Themes where each
model uses 4 variables from a total of 12. M1 focuses on interest rates and
inflation in an attempt to capture the business cycle. M2 uses aggregated
valuation ratios and stock return variance as proxies for the state of the
equity market. M3 uses variables related to monetary and fiscal policy,
including unemployment and money supply. M/ is an attempt to capture
diverse information by combining variables for different themes.

5.3 Variable Combination Evaluation

While the four model specifications are motivated by prior literature, an
additional test is implemented to evaluate how their performance compares
to all other possible macroeconomic variable combinations. Given a total of

12 macroeconomic variables and the inclusion of 4 variables per model, there

12
4

to construct a portfolio, enabling a comparison between the specified models

are ( ) = 495 possible combinations. Each of these combinations is used
and the distribution of outcomes across all configurations.

The restriction to four variables per model helps mitigate the risk of
overfitting that may arise from including too many predictors, in a so-called
“kitchen-sink” approach, as this could make the optimization for 6 unstable.

Portfolio performance is evaluated in terms of annualized mean return, stan-

20



dard deviation, and Sharpe ratio, which together provide a comprehensive
assessment of return and risk characteristics for each portfolio. This ap-
proach contextualizes the performance of the chosen models relative to what

could be achieved by alternative specifications.

5.4 Out-of-Sample Performance

To further validate the predictive power of the parametric portfolio policy and
reduce the risk of spurious results, an out-of-sample evaluation is conducted,
following the recommendation of Ferson, Sarkissian, and Simin (2003). In
this procedure, the f-coefficients are initially estimated using the first 10 years
of data (1970-1979) to construct the portfolio for 1980. Subsequently, the
coefficients are re-estimated each year using an expanding window by adding
12 months to the data used for estimation, ensuring that the current period
is excluded from the estimation sample. This approach mitigates look-ahead

bias and strengthens the robustness of the results.

5.5 Regularization via /5, Constraint

To mitigate overfitting and improve out-of-sample robustness, this thesis im-
plements a regularized version of the parametric portfolio policy by imposing
an fy-norm constraint on the vector of #-coefficients. This technique directly
controls the overall magnitude of the macro-characteristic interaction terms,
which define deviations from the benchmark portfolio. The optimization

problem becomes:

1 o
max — Z ( +1Tp’t+1) subject to 0|3 < ¢ (10)
-7

Here c is a parameter determining the regularization strength. Smaller values

of ¢ shrink the #-vector toward zero, reducing extreme portfolio deviations

from the benchmark and promoting more stable, conservative allocations.
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This approach differs from that of DeMiguel et al. (2009), who apply
norm constraints directly to portfolio weights. Instead, this thesis imposes
the constraint on the coefficient vector 8, which governs how the interactions
of firm-level characteristics and macroeconomic indicators map into weights.
This distinction is crucial in the parametric policy setting, where weights
are not freely chosen but derived from the coefficients on firm characteristics
from the optimization.

The /5-constrained optimization is implemented using MATLAB’s fmincon
function with a nonlinear inequality constraint. A grid of values for the
constraint level c¢ is explored to analyze the trade-off between performance
and aggressiveness in portfolio weights. For each model specification and
constraint value, both in-sample and out-of-sample portfolio performance is
evaluated in terms of Sharpe ratio and turnover, following the expanding-
window estimation strategy described earlier.

While the constraint is expected to reduce the in-sample Sharpe ratio
by limiting the flexibility of the optimizer, less extreme coefficient estimates
may yield practical benefits through lower turnover and more stable portfolio
weights. Furthermore, Jagannathan and Ma (2003) show that incorporating
constraints or regularization into portfolio optimization can improve out-of-
sample performance by reducing estimation error and mitigating the effects

of parameter uncertainty.

5.6 Turnover

In order to assess the practical feasibility of the portfolio strategies, in terms
of real-world implementation, monthly portfolio turnover is calculated. Turnover
measures the extent to which portfolio holdings change from one period to
the next and is a key measure when considering transaction costs.

A challenge in this study is that the investable universe, the top 500 firms
by market capitalization, naturally varies over time. To address this, turnover

is computed by tracking changes in portfolio weights while accounting for
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both returns and firm replacement. Specifically, the turnover between month
t and t + 1 is defined as:

N
Turnover;,; = E

i=1

Wi (1 +7441)
1+ Tpit+1

(11)

Wit+1 —

here w;, is the portfolio weight of firm ¢ at time ¢, 7;,4; is the return of
firm ¢, and 7,4 is the return of the entire portfolio. This formula adjusts
the previous month’s weights for asset returns to isolate the change in asset
weights that is the result of rebalancing activity.

For firms that enter or exit the portfolio (i.e., not present in both ¢ and
t + 1), the turnover calculation assumes a full transaction. An exiting firm
is treated as having its entire position liquidated, while an entering firm is
treated as a new position being fully established. These are counted as two
separate transactions and are fully included in the turnover measure. The
turnover metric is then averaged across time to capture the typical rebalanc-

ing activity of each strategy.
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6 Results

This section presents the empirical findings from both the baseline char-
acteristics model and the time-varying macroeconomic interaction models.
Results are evaluated using in-sample and out-of-sample performance met-
rics, followed by an analysis of model robustness across specifications and

with constraints.

6.1 Baseline Characteristics Model

QME GBTM QMom eProf ‘glnv

Estimate  0.0355  2.8806** 2.1965** -0.8571  0.7131

SE (1.2455)  (0.9035) (0.5738) (1.5245) (1.2365)

Table 2: In-sample estimated #-coefficients for the standardized firm charac-
teristics in the parametric portfolio policy defined in equation 8. A higher 6
indicates that the portfolio allocates greater weights to firms with high values
of the corresponding characteristic, relative to the benchmark. ** indicates
significance at the 1% level, * at the 5% level.

Table 2 shows the result of the parametric portfolio policy. The result show
that we have large positive coefficients for value (BTM) and momentum.
The coefficients are highly significant with p-values of less than 0.01. It
is important to remember that the coefficients represents deviations from
the benchmark, not total factor exposures. This means that the parametric
portfolio allocate greater weights to value firms with high book-to-market
ratios, and greater weights to past winners, compared to the value-weighted
benchmark portfolio.

Size, profitability and investment, do not have statistically significant

coefficients. Since the optimization problem is only applied to the 500 largest
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firms each month, it is possible that some of the size effect observed in the
literature is erased, as the excess return of very small firms are not part
of the investable assets. Furthermore, the #-coefficients can not be directly
interpreted as exposures to the characteristics, but only as deviations from
the value-weighted portfolio. It is therefore possible that the total exposure
of the portfolio already includes the effect of size, profitability or investment
either directly in the benchmark, or from the deviations resulting from the

coeflicients of value and momentum.

VW  EW PPP
Metric In-Sample Out-of-Sample
° 0.083 0.106 0.230 0.272
o(r) 0.156  0.190 0.186 0.267
SR 0.533  0.557 1.236 1.018
CE 0.056 0.048 0.151 0.083
! - - 0.159 0.197
o] - - 0.821 0.860
o(a) - - 0.134 0.231
IR - - 1.181 0.854

Table 3: Annualized Portfolio Performance Metrics. The first rows show the
excess return and standard deviation of each portfolio policy, with the cor-
responding Sharpe ratio. The certainty equivalent (CE) is calculated as the
annual risk-free return that would result in the same utility as the portfolio
return for an investor with CRRA risk preferences and a risk-aversion pa-
rameter of 5. The last 4 rows are the results from CAPM-regressions of the
optimal portfolios against the total market return.

Table 3 shows the annualized performance of the parametric portfolio
policy against two benchmarks in the form of a value-weighted portfolio and
an equal-weighted portfolio. Each portfolio invests in the 500 largest firms by

market cap each month. From the table it is evident that the optimal portfo-
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lio outperforms the benchmarks both in terms of mean return, Sharpe ratio,
and certainty equivalent. The annual mean return for the optimal portfolio
is 23%, compared to 8.3% for the value weighted portfolio and 10.6% for the
equal weighted portfolio. The optimal portfolio offers a certainty equivalent
that is around 10 percentage points higher than that of the benchmarks.
The bottom rows of table 3 are produced from a CAPM-regression against
the market return of the same period. The S-value of 0.821 shows that the
optimal portfolio has a high correlation with the market. The portfolio also
exhibits an annualized « of 15.9%. Dividing the « by its standard deviation
results in a corresponding information ratio of 1.181, which shows that the
portfolio is consistently generating excess return compared to the market.
The out-of-sample optimal portfolio generates a mean return of 27.2%,
larger than both the benchmarks and the in-sample counterpart. This does,
however, come at the expense of a standard deviation of returns of 26.7%,
which mans that the Sharpe ratio is lower than the in-sample portfolio. The
same result can be seen in the certainty equivalent, which is higher than
both benchmarks but lower than the in-sample optimization, as a risk-averse

investor penalize the high volatility.
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VW  EW PPP

Metric In-Sample Out-of-Sample
|w;| x 100 0.20 0.20 0.61 1.03
Max w; x 100 4.42  0.20 4.72 13.74
Min w; x 100 0.00 0.20 -2.90 -3.55

> wil (w; < 0) 0 0 -0.945 -2.037

> I(w; < 0)/N, 0 0 0.419 0.491

> olwiy —wi—1|  0.089 0.114 0.764 1.164

Table 4: Summary statistics of portfolio weights across different strategies.
The first row shows the average absolute portfolio weight, which serves as
a proxy for portfolio concentration and gross exposure. The second and
third rows report the average maximum and minimum portfolio weights,
indicating the most heavily longed and shorted individual stocks. The fourth
row displays the average total short exposure, and the fifth row shows the
proportion of negative weights (short positions) in each period. The final
row reports the average portfolio turnover, calculated as the sum of absolute
changes in weights from one month to the next. All values are expressed as
time-series averages over the sample period.

Table 4 reports summary statistics on the distribution of portfolio weights
across the different strategies. The first row shows the average absolute
portfolio weight, |w;|. The optimal parametric portfolios (PPP) have higher
average absolute weights than the value-weighted (VW) and equal-weighted
(EW) benchmarks, reflecting their long-short nature. The average absolute
weight increases from 0.6% in-sample to 1.0% out-of-sample, indicating larger
individual allocations when moving to the out-of-sample setting.

The maximum weight placed on a single stock is broadly similar between
the value-weighted and in-sample PPP portfolio (around 4.5-4.7%), while it
increases substantially out-of-sample to 13.7%. This suggests that the out-
of-sample optimization produces more extreme allocations in certain periods.

In contrast, the equal-weighted portfolio, by construction, assigns a uniform
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weight of 0.2% to each stock.

The minimum portfolio weight captures the most shorted stock in each
month. In the PPP portfolios, this is on average around -2.9% in-sample and
-3.5% out-of-sample. Since these are relatively modest in magnitude, they
highlight that no individual position dominates the short side.

The total short exposure, defined as Y w;I(w; < 0), is approximately
-94.5% in-sample and -203.7% out-of-sample. Since the portfolios are con-
structed to be fully invested, this implies a gross exposure of 194.5% and
303.7% respectively, with corresponding net exposures of 100%. This indi-
cates significant use of leverage, especially in the out-of-sample portfolio, the
result of more aggressive deviations from the benchmark as 6 is re-estimated
each year.

The proportion of short positions increases from 42% in-sample to around
49% out-of-sample, suggesting a broader use of shorting in the latter.

Turnover, measured as the average absolute change in portfolio weights
from one period to the next, is markedly higher in the PPP portfolios, espe-
cially out-of-sample (1.16 vs. 0.76 in-sample), reflecting the re-estimation of

f and less stable coefficients when the estimation sample is shorter.

6.2 Time-varying Coefficients

Tables 5-8 show the estimated 6-coefficients for the macroeconomic interac-
tion models M1 - Mj. Reported below each coefficient is the corresponding
bootstrap standard error. The resulting estimates for each model specifica-

tion are discussed in turn below, beginning with M1.
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Constant thl tms dfy infl

ME  -0.123  1.066* -0.067 -0.691  0.341
(0.522)  (0.628) (0.603) (0.643) (0.514)
BTM  1.073  0.308 0.215 -0.519  0.613
(0.843)  (0.515) (0.568) (0.596) (0.561)
Mom  1.945%% 0413 0703 -0.438 -0.087
(0.796)  (0.441) (0.489) (0.506) (0.561)
Prof ~ -0.241  -0.541  0.087  0.600  -0.443
(0.356)  (0.579) (0.489) (0.525) (0.397)
Inv 0430  -0.881 0.184 -0.350 -0.534
(0.504)  (0.652) (0.527) (0.594) (0.461)

Table 5: Time-varying 6 coefficients for Model 1 (Business cycle). Each entry
reflects the effect of a firm characteristic conditioned on a macroeconomic in-
dicator. Model 1 uses 3-month treasury bill (tbl), term spread (tms), default
yield (dfy) and inflation (infl) as conditioning variables. The first column re-
ports the main (unconditional) effect of each characteristic. Standard errors
are reported in parentheses. Significance levels: * 10%, ** 5%, *** 1%.

Table 5 shows limited evidence that business cycle variables improve the
predictability of equity returns through stock characteristics. Among all in-
teraction terms, only the coefficient on market equity interacted with the
3-month Treasury bill rate is statistically significant at the 10% level. The
positive sign indicates that when short-term interest rates are high, the op-
timal portfolio allocates relatively more weight to large-cap stocks and less
to small-cap stocks.

Furthermore, the main effect for momentum remains highly significant
and positive, consistent with the baseline characteristics model. This im-
plies that the portfolio consistently favors stocks with stronger recent perfor-
mance, regardless of macroeconomic conditions. In contrast, the value effect,

captured by BTM, appears to weaken or disappear once business cycle inter-
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actions are included.

Constant  d/y p/e b/m svar

ME  -0435  1.472%% -1.329%% 1596%* -0.539
(0.569)  (0.721)  (0.609)  (0.700) (0.737)
BTM  1.884** 0444  -0.010 -0.340  0.300
(0.837)  (0.556) (0.552) (0.628) (0.604)
Mom  1.739%*  -0.216  -0.013  -0.249  0.537
(0.773)  (0.662) (0.557) (0.539) (0.576)
Prof  -0.233  -0.521 0475  -0.371  -0.468
(0.335)  (0.459) (0.503) (0.527) (0.491)
Inv 0564  -0.442  0.074  -0419 -0.111
(0.478)  (0.520)  (0.560)  (0.583) (0.527)

Table 6: Time-varying 6 coefficients for Model 2 (Aggregate Equity Market).
Each entry reflects the effect of a firm characteristic conditioned on a macroe-
conomic indicator. Model 2 uses dividend yield (d/y), price-to-earnings ratio
(p/e), book-to-market ratio (b/m) and stock variance (svar) as conditioning
variables. The first column reports the main (unconditional) effect of each
characteristic. Standard errors are reported in parentheses. Significance lev-

els: * 10%, ** 5%, *** 1%.

Table 6 shows stronger evidence of statistically significant interactions,
particularly for the ME characteristic. All macroeconomic variables in Model
2, except stock variance, exhibit significant interaction coefficients with mar-
ket equity at the 5% level. Additionally, the main effects for BTM and
momentum remain statistically significant, suggesting these characteristics
are consistently informative for portfolio construction even after interacting
with the aggregate equity market.

The interaction terms between ME and both the aggregate dividend yield
and book-to-market ratio are positive. This implies that when these aggre-

gate valuation indicators are high, the optimal portfolio favors larger firms

30



over smaller ones. The inverse is true for the interaction between ME and
the price-to-earnings ratio, which has a negative interaction coefficient. This
suggests that when the market-wide p/e ratio is elevated, the portfolio shifts

weight away from large-cap stocks toward smaller-cap stocks.

Constant tms infl unrate M2

ME  -0.039  -0.078 0.259 -0.445  -0.238
(0.294)  (0.489) (0.574) (0.640)  (0.471)
BTM  0.639*  -0.127 0422 0307  0.903**
(0.356)  (0.485) (0.469) (0.464) (0.433)
Mom  0.612¥%  0.687  0.006 -0.659 1.007***
(0.255)  (0.501) (0.520) (0.436) (0.349)
Prof  -0.095  0.066 -0.269 0.205  -0.036
(0.211)  (0.365) (0.316) (0.402)  (0.395)
Inv 0241 0295 -0.337 -0.205 -0.123
(0.216)  (0.436) (0.393) (0.438)  (0.549)

Table 7: Time-varying 6 coefficients for Model 3 (Regime-sensitive). Each en-
try reflects the effect of a firm characteristic conditioned on a macroeconomic
indicator. Model 3 uses term spread (tms), inflation (infl), unemployment
rate (unrate) and money supply (M2) as conditioning variables. The first
column reports the main (unconditional) effect of each characteristic. Stan-
dard errors are reported in parentheses. Significance levels: * 10%, ** 5%,
sk 107

Table 7 indicates strong significance in the interaction between both BTM
and momentum with the money supply (M2). Although these characteristics
already exhibit significant baseline effects, the additional significance of their
interaction terms suggests that their predictive power is stronger in periods
of elevated money supply. This implies that the portfolio places even greater
weight on high BTM and high momentum stocks when M2 levels are high.

In contrast, the remaining characteristics of size, profitability, and invest-
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ment, do not show statistically significant effects, either in their uncondi-
tional coefficients or in their interactions with the macroeconomic variables.
These findings suggest that the value and momentum effects are particularly

regime-sensitive and most pronounced during periods of monetary expansion.

Constant  d/y svar tms infl

ME  -0.276  1.828%% -0.442 -0.255  0.547
(0.478)  (0.789) (0.722) (0.630) (0.627)
BTM  1.844**  0.336  0.399  0.369  0.856
(0.782)  (0.534) (0.550) (0.583) (0.625)
Mom  2.042%%*  0.080  0.589  0.356  -0.099
(0.792)  (0.606) (0.566) (0.450) (0.568)
Prof  -0.303  -0.518 -0.481 0.170 -0.727*
(0.331)  (0.437) (0.446) (0.510) (0.413)
Inv 0.601  -0.498 -0.152 0503  -0.753
(0.450)  (0.496) (0.544) (0.585) (0.480)

Table 8: Time-varying 6 coefficients for Model 4 (Hybrid Model). Each entry
reflects the effect of a firm characteristic conditioned on a macroeconomic
indicator. Model 4 uses dividend yield (d/y), stock variance (svar), term
spread (tms) and inflation (infl) as conditioning variables. The first column
reports the main (unconditional) effect of each characteristic. Standard errors
are reported in parentheses. Significance levels: * 10%, ** 5%, *** 1%.

Table 8 presents the results for the hybrid model, which combines ele-
ments from the preceding model specifications. The findings largely align
with earlier observations: both BTM and momentum retain significant main
effects, suggesting their consistent relevance in the parametric portfolio pol-
icy. Additionally, the interaction between ME and d/y is highly significant,
reinforcing previous results from Model 2.

A new finding in this specification is the interaction between profitability

and inflation, which is statistically significant at the 10% level. The negative
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coefficient implies that during periods of high inflation, the optimal portfolio
tilts away from more profitable firms toward less profitable ones. Notably,
this interaction effect was not significant in Models 1 or 3, despite both
including inflation as a conditioning variable. This suggests that the inflation-
profitability relationship may be more context-dependent, particularly when
combined with other macroeconomic indicators, or not as pervasive as some
other interactions found in the model specifications.

Across the four model specifications, momentum and book-to-market
emerge as the most consistently significant characteristics, regardless of the
macroeconomic variables included. Their effects are further amplified during
periods of elevated money supply, indicating a degree of regime sensitivity.

While market equity was not significant in the baseline model, it exhibits
several statistically significant interaction effects with variables such as the
dividend yield, price-to-earnings and book-to-market ratios, and the short-
term Treasury bill rate. This suggests that the size effect is highly dependent
on the prevailing economic environment.

In contrast, the characteristics of profitability and investment show little
evidence of statistical or economic significance across any of the models,
neither as main effects nor through interactions, indicating limited relevance

for portfolio allocation within this framework.

6.2.1 Model Performance

Tables 9 and 10 present the in-sample and out-of-sample performance of the
four time-varying model specifications (M1-M4). A range of annualized met-
rics are reported, including mean excess return, standard deviation, Sharpe
ratio, certainty equivalent (CE), CAPM alpha and beta, and information
ratio (IR).
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Metric Model 1 Model 2 Model 3 Model 4

IS 00S IS 00S IS 00S IS 00Ss

T° 0.307 0.296 0.293 0.288 0.282 0.285 0.290 0.330
o(r) 0.229 0.340 0.206 0.386 0.228 0.400 0.223 0.430
SR 1.342  0.869 1.419 0.747 1.235 0.711 1.296 0.768
CE 0.244 -0.008 0.251 -0.979 0.213 -1.000 0.226 -0.954
Q 0.315 0.304 0.297 0.291 0.296 0.305 0.298 0.345
I6; -0.095 -0.100 -0.051 -0.031 -0.172 -0.240 -0.102 -0.183
o(a) 0.229 0.340 0.206 0.386 0.226 0.399 0.223 0.429
IR 1.379 0895 1.440 0.754 1.306 0.764 1.337 0.805

Table 9: Annualized performance metrics for time-varying parametric portfo-
lio policies (Models 1-4), including in-sample (IS) and out-of-sample (OOS)
periods. Metrics include mean excess return, standard deviation, Sharpe ra-
tio, certainty equivalent return (CRRA, v = 5), CAPM alpha and beta, and
information ratio.

All models perform well in-sample with excess returns and Sharpe ratios
that widely exceed the benchmarks. The same is true for the certainty equiv-
alent, which all exceed the certainty equivalents of the benchmarks by 15-20
percentage points. The top performing model specification is M2, both in
terms of the Sharpe ratio of 1.419 and the certainty equivalent of 0.251, while
M1 yields the highest average return.

The results of the CAPM regressions show that all models produce pos-
itive «, with the lowest alpha being 0.296, and the highest 0.315. Further-
more, the information ratio of the model specifications range from 1.3 to
1.44, which shows that all models consistently yield higher return than the
market. Unlike the base characteristics model, all S-coefficients are low and
negative, which suggests that the model returns have limited correlation with
the market return.

Moving to the out-of-sample results, there is a clear decline in perfor-
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mance across all specifications. While the mean returns remain high, some-
times even exceeding the in-sample performance for the same model, the
volatility increases greatly. This results in much lower Sharpe ratios, mean-
ing that the risk-adjusted returns are lower for the out-of-sample portfolios.
The best performing out-of-sample model specification is M1, with a Sharpe
ratio of 0.869, and a certainty equivalence of -0.008.

The volatility is especially evident in the certainty equivalent, which are
far lower than those of the in-sample portfolios or those of the benchmarks.
The fact that the certainty equivalence is negative for the out-of-sample port-
folios suggest that there are very large negative returns that the utility func-
tion penalizes heavily. This means that a risk-averse investor will prefer a
loss of known magnitude rather than holding the portfolio.

The decline in performance is significantly worse than for the out-of-
sample base characteristics model, suggesting that the smaller window sizes
and lack of foresight are more detrimental when estimating the coefficients for
the macroeconomic interactions as opposed to only estimating the coefficients

for the characteristics.

Metric M1 M2 M3 MY
IS 00S IS 00S IS 00S IS 00S

|w;| x 100 0.604 1.163 0.688 0.977 0.554 1.126 0.611 0.963
Max w; x 100 5971 9874 5205 8883 5.185 13.176 4.984 8.612
Min w; x 100 -4.138 -7.060 -3.245 -4.935 -2.273 -4.691 -3.477 -5.166
Swild(w; <0)  -1.009 -2.407 -1.220 -1.941 -0.886 -2.314 -1.028 -1.908
S I(w; < 0)/Ny 0384 0.450 0.413 0.447 0411 0480 0.394 0.437
dlwiy —wip—q] 1659 3.530 3.416 5.022 1.309 3.161 2.740 4.735

Table 10: Portfolio weight statistics for Models 1-4 (time-varying parametric
policies). Includes average absolute weights, extremes, total short exposures,
and proportion of negative weights. Results are shown for both in-sample
and out-of-sample periods.
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Table 10 summarizes the distributional properties of the portfolio weights
for the macro-interaction models M1-M}, across both in-sample and out-of-
sample periods. The first row shows the mean absolute weight across all
stocks, which is substantially higher for the out-of-sample portfolios, indi-
cating more aggressive tilts and greater deviation from the benchmark. This
increase in absolute weight reflects a rise in both long and short positions.

The maximum weight allocated to a single firm increases notably out-of-
sample, with the largest exposures reaching up to 13.2% in M3. Similarly,
the minimum weights become more negative, with the lowest reaching -7.1%
in M1. These results indicate that the portfolios are more concentrated and
rely on more extreme bets when estimated out-of-sample.

Short exposure, measured by the total weight allocated to negatively
weighted stocks, increases sharply across all specifications. For example, in
M3, short exposure rises from -0.886 to -2.314, implying that the leverage
of the portfolio increases significantly. This higher leverage amplifies port-
folio volatility and helps explain the deteriorating out-of-sample certainty
equivalents, despite high returns.

Finally, portfolio turnover increases substantially for all models. For in-
stance, turnover in M2 grows from 3.416 to 5.022, reflecting more frequent
and larger reallocations in the weights. This higher turnover exacerbates
trading costs and further reduces the practical viability of the out-of-sample
strategies.

Together, these results show that the time-varying parametric portfo-
lios become increasingly aggressive out-of-sample, characterized by larger
exposures, greater leverage, and higher turnover, which contribute to their

elevated volatility and risk-adjusted underperformance.
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6.3 Distribution of Model Performance Across Possi-

ble Specifications

To evaluate if model specifications M1-M/ deliver above average performance
compared to other possible specifications, figure 2 presents the distributions
of returns, standard deviations and Sharpe ratios of all 495 possible com-
binations of 4 macroeconomic variables drawn from the 12 available indica-
tors. For each of the 495 combinations, a parametric portfolio policy was
constructed from a utility-maximizing optimization on the portfolio weights

through the 6-coefficients described in equation 7.

Performance Distribution Across All 4-Macro Combinations
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Figure 2: Kernel density estimates for the distribution of model performance
across all 495 macro-interaction portfolios. Each distribution represents the
variation in performance due only to the choice of macroeconomic condition-
ing variables. The portfolios of the four models M1-Mj are overlaid using
colored vertical lines. All four models are included in the chart, but due
to similar outcomes, some lines overlap. In particular, M2 and M4 exhibit
nearly identical returns, while M3 and M4 show similar standard deviations,
causing only three lines to be visible.
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Figure 2 show that the distribution of annualized excess returns range
from approximately 20% to 45%, with the majority of possible portfolios
between 25% and 35%. Models M1-M/ all deliver returns below the mean
of the distribution.

The standard deviations of the portfolios range from around 16% to 30%
annual volatility. The selected models M1-Mj perform better in limiting
volatility than generating excess returns, as all four models exhibit lower
standard deviation than the average portfolio in the distribution, suggesting
a relative strength in limiting risk rather than generating high returns.

However, the combination of relatively low excess returns coupled with
modest standard deviations results in Sharpe ratios that are generally in the
bottom half of portfolios. Only M2 achieves a Sharpe ratio above the median
portfolio in the distribution, while M3 is in the bottom quartile. Overall,
the distribution of Sharpe ratios is fairly tight, ranging from approximately
1.1 to 1.5, with no extreme outliers on either end.

Interestingly, the top portfolio combinations tend to be hybrid models
combining indicators of different themes, especially aggregate valuation ra-
tios, interest rates, and unemployment. The three highest ranked portfolio

combinations in terms of Sharpe ratio are:
1. 1st Portfolio: P/E ratio, long term yield, term spread, unemployment

2. 2nd Portfolio: B/M ratio, 3-month treasury bill, default yield spread,

unemployment

3. 3rd Portfolio: B/M ratio, long term yield, default yield spread, unem-
ployment

Generally, B/M ratio and unemployment appeared frequently in the best
performing models, as they were included in 12 and 11 of the top 15 per-

forming portfolios respectively.
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6.4 Model Performance with /5, Constraint

c In-Sample Out-of-Sample c In-Sample Out-of-Sample
SR TO SR TO SR TO SR TO
1 1.199 0.541 | 1.094 0.593 1 1.191 0.834 | 1.107 0.943
2 1.279  0.719 | 1.092 0.804 2 1.266 1.156 | 1.076 1.294
3 1.327 0.859 | 1.096 0.984 3 1.305 1.438 | 0.972 1.619
4 1.297 1.073 | 1.063 1.126 4 1.337 1.641 | 0.913 1.867
5 1.303 1.199 | 1.062 1.252 5 1.361  1.785 | 0.997 2.015
10 | 1.391 1.566 | 1.026 1.682 10 | 1.357 2.627 | 0.821 2.825
(a) Model 1 — Business Cycle (b) Model 2 — Aggregate Valuation
c In-Sample Out-of-Sample c In-Sample Out-of-Sample
SR TO SR TO SR TO SR TO
1 1.239 0.645 | 1.131 0.637 1 1.183 0.715 | 1.073 0.814
2 1.273 0.895 | 1.088 0.882 2 1.248 0.982 | 1.038 1.125
3 1.299 1.094 | 1.080 1.062 3 1.278  1.225 | 1.002 1.417
4 1.322  1.233 | 1.064 1.225 4 1.300 1.429 | 0.907 1.634
5 1.268 1.354 | 1.047 1.356 5 1.305 1.618 | 0.983 1.781
10 | 1.255 1.982 | 0.983 1.901 10 | 1.352 2.075 | 0.901 2.440
(c) Model 3 — Regime Sensitive (d) Model 4 — Hybrid

Table 11: Sharpe ratio (SR) and turnover (TO) for varying c levels in the ¢,
constraint in equation 10. Each subtable reports both in-sample and out-of-
sample statistics.

Table 11 presents the effect of applying different levels of /5 constraints on the
in-sample and out-of-sample performance of the macro-based models. The
clearest pattern is the strong reduction in portfolio turnover as the constraint
becomes tighter, i.e. for lower levels of ¢. This aligns with expectations,
since more constrained models tend to be less sensitive to estimation error
and are less likely to respond to noise in the data. As a result, they trade
less frequently and produce more stable portfolios.

Importantly, this reduction in turnover does not come at the expense of
in-sample Sharpe ratios, which remain high across most specifications. In

the out-of-sample period, the results are also promising. Many constrained
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models achieve higher Sharpe ratios than the unconstrained benchmark, sug-
gesting that regularization improves robustness by limiting the influence of
unstable or extreme coefficients.

As the constraint is gradually relaxed (larger ¢), out-of-sample Sharpe
ratios generally decline. This provides evidence that the unconstrained model
overfits the data, generating excessive exposures that increase volatility. The
constrained versions deliver a better trade-off between risk-adjusted returns
and portfolio stability, supporting the argument that regularization can be

beneficial in portfolio optimization.
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7 Discussion

This thesis investigates whether incorporating macroeconomic information
into characteristic-based portfolio strategies enhances risk-adjusted perfor-
mance. The results provide encouraging support for this approach in the
in-sample setting, where the inclusion of macroeconomic interaction terms
improves Sharpe ratios and delivers stronger return profiles relative to bench-
mark portfolios. However, the analysis also reveals some challenges, partic-
ularly with respect to estimation risk and model instability in out-of-sample
applications. These issues are most pronounced early in the evaluation win-
dow, where limited data leads to volatile coefficients, high turnover, and
extreme drawdowns.

The following sections explore these themes in greater detail, beginning
with the performance of the static baseline model, before moving on to the
time-varying specifications, relative model comparisons, the effects of regu-
larization, and finally the economic insights gained from the macroeconomic

interaction terms.

7.1 Baseline Characteristics Model

The results from the static characteristics model align well with established
literature. Consistent with Brandt, Santa-Clara, and Valkanov (2009), this
thesis finds significant positive coefficients for value and momentum charac-
teristics, reinforcing the robust return premia observed in earlier and recent
works such as Jegadeesh and Titman (1993); Carhart (1997); Fama and
French (2015); Hou, Xue, and Zhang (2015).

The lack of significance of the size factor stands in contrast to much of
the early literature but is likely explained by the investment universe, which
excludes small- and micro-cap stocks. The documented size premium is con-
centrated in these excluded stocks, as shown in Cooper, Gulen, and Vassa-

lou (2001) and Hou, Xue, and Zhang (2015), providing a logical explanation
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for its absence.

Perhaps more noteworthy is the lack of significance for profitability and
investment, as these characteristics feature prominently in modern models
like those of Fama and French (2015) and Hou, Xue, and Zhang (2015).
This lack of significant results may stem from redundancy relative to the
benchmark or from overlap with value and momentum. Moreover, the limited
role of investment aligns with findings by Cooper, Gulen, and Schill (2008),
who show that investment-based anomalies weaken in large-cap stocks.

The strong in-sample performance of the parametric portfolio shown in
tables 3 and 4 shows that it is possible to significantly outperform the bench-
mark portfolios even with modest deviations in terms of absolute weights,
consistent with the findings of Brandt, Santa-Clara, and Valkanov (2009).

As this baseline characteristics model is only a slight extension of the
framework introduced by Brandt, Santa-Clara, and Valkanov (2009), the
portfolio performance is expected to exhibit similar properties. The main
difference in methodology is through the inclusion of profitability and invest-
ment characteristics, which, despite being theoretically motivated by models
such as Fama and French (2015) and Hou, Xue, and Zhang (2015), do not
appear to improve performance in this setup.

A more substantial difference lies in the sample period. While Brandt,
Santa-Clara, and Valkanov (2009) study the period from January 1964 to
December 2002, this thesis extends the sample through December 2022, be-
ginning in January 1970 to ensure consistent availability of macroeconomic
data. This longer time horizon captures multiple additional market regimes
not present in the original study; including the Global Financial Crisis in
2008, the COVID-19 shock of 2020, and a high-inflation period coupled with
global uncertainty post-2021. Despite this added complexity, the paramet-
ric portfolio policy performs slightly better relative to benchmark portfolios
across both in-sample and out-of-sample windows.

While the out-of-sample portfolio returns are slightly more volatile, they
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still generate higher Sharpe ratios and certainty equivalents than the bench-
marks. The strong out-of-sample performance further supports the view that
characteristic-based diversification improves risk-adjusted returns, similar to
Hjalmarsson (2011) and Asness, Moskowitz, and Pedersen (2013).

7.2 Time-varying Coefficients

The core contribution of this thesis lies in evaluating whether time-varying
exposures, conditioned on macroeconomic indicators, can improve portfolio
performance.

The inclusion of macroeconomic interaction terms improves in-sample
performance across all four model specifications. Mean returns and Sharpe
ratios are higher compared to both benchmark portfolios and the base model,
suggesting that time-varying exposures to characteristics based on macro sig-
nals can enhance return predictability. These results align with Avramov
and Chordia (2006) and Cooper, Gulen, and Vassalou (2001) who argue that
performance improves when utilizing dynamic allocation based on macroe-
conomic conditioning variables.

However, out-of-sample results are less convincing. Although excess re-
turns remain high, the increased volatility leads to much lower Sharpe ratios
and even negative certainty equivalents. Investigating the distribution of re-
turns more closely reveals that returns early in the sample, i.e. those with
short training data, exhibit high volatility and are susceptible to extreme
draw-downs of up to 98%. These large losses erode the utility of a risk-
averse investor. These results indicate that a 10-year estimation window is
insufficient to reliably estimate all interaction effects of the macroeconomic
variables that are present in the in-sample results. This highlights the diffi-
culties associated with estimating macro-conditioned coefficients from limited
data and mirror concerns raised by Campbell and Thompson (2008) and Fer-
son and Harvey (1991), who stress the need for strong economic priors and

robust estimation methods to avoid overfitting and instability.
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7.3 Relative performance of Model Specifications

Among the four specified macro interaction models, M2 (Aggregate Equity
Market) performs best in-sample, while M1 (Business Cycle) achieves the
best out-of-sample Sharpe ratio. Interestingly, while the baseline charac-
teristics model found no significance for size, M2 shows strong conditional
effects for size with three of the four macro-variables, while M1’s only signif-
icant macro-interaction is size with the treasury bill. These results suggests
that macroeconomic conditioning is essential to uncover size-related effects
in this framework.

While the optimal combinations from the 495 possible macro-variable sets
achieve stronger performance within this dataset, they are selected purely
based on in-sample Sharpe ratios and are not necessarily grounded in eco-
nomic theory. As a result, these combinations may lack interpretability and
are more susceptible to overfitting, especially in settings where the underly-
ing economic structure or return dynamics differ. Their strong performance
may be specific to this particular sample period, set of firm characteristics,
and macroeconomic environment.

Without theoretical constraints or structural justification, there is a risk
that the relationships captured by these combinations reflect spurious corre-
lations or noise rather than robust economic mechanisms. This issue is well-
documented in the literature, with Campbell and Thompson (2008) warning
against “kitchen-sink” forecasting models and Gu, Kelly, and Xiu (2020)
emphasizing the need to balance model flexibility with interpretability in
high-dimensional settings.

By contrast, the four benchmark models M1-M/ are constructed based
on well-established macroeconomic themes and prior empirical evidence. Al-
though they do not dominate the performance distribution, they span the
center of the Sharpe ratio distribution and offer interpretability, economic rel-
evance, and consistency with previous research. Their relative performance,

particularly in terms of risk mitigation by controlling volatility, underscores
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their usefulness as representative and relevant portfolio models.

7.4 Effects of Regularization on Portfolio Stability

The final part of the analysis examines whether imposing an ¢, constraint
on the characteristic-macro interaction coefficients improves the stability and
performance of the portfolio strategies.

The results presented in table 11 show that the constraint has a clear and
consistent effect on portfolio turnover. Tighter constraints yield substantially
lower turnover, suggesting that regularization limits extreme exposures and
reduces the influence of unstable coefficients. This aligns with the expec-
tation that more conservative models are less responsive to noise, thereby
avoiding unnecessary trading driven by short-term noise rather than funda-
mental macroeconomic trends.

Perhaps most notably, this reduction in turnover does not come at the
expense of in-sample performance. Sharpe ratios remain high across con-
strained models, and in many cases, the out-of-sample Sharpe ratios are
higher than those of the unconstrained counterparts. This supports the find-
ings of Jagannathan and Ma (2003), who argue that incorporating constraints
or shrinkage into portfolio optimization can reduce estimation error and im-
prove out-of-sample performance.

Interestingly, the results also indicate that loosening the constraint be-
yond a certain level results in consistently deteriorating out-of-sample Sharpe
ratios. This suggests that unconstrained or weakly regularized models tend
to overfit the data, leading to high sensitivity to noise and greater return
volatility. By contrast, the more constrained models achieve a better bal-
ance between capturing relevant signals and avoiding excessive complexity.

These findings reinforce the practical importance of regularization in dy-
namic portfolio models. While looser constraints may offer slightly higher
in-sample performance, tighter constraints lead to more stable out-of-sample

results and lower transaction costs.
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This evidence is consistent with the findings of DeMiguel et al. (2009),
who show that imposing norm-based constraints on portfolio weights can en-
hance out-of-sample performance by reducing estimation error. This thesis
builds on this insight but applies the regularization the macro-characteristic
interaction coefficients (#), rather than the weights themselves. This rep-
resents a unique contribution within the parametric portfolio framework,
where the constraints serve to stabilize the mapping from characteristics and
macroeconomic conditions to portfolio weights. As the results demonstrate,
this approach achieves similar benefits in terms of robustness and turnover
reduction, while preserving the interpretability of the underlying investment

signals.

7.5 Key Insights from the Macroeconomic Interaction

From the extensive analysis of macroeconomic factors and their interaction

with the firm characteristics, several economic patterns emerge.

o Value and momentum remain consistent across macroeconomic envi-
ronments. The significant coefficients from the baseline model gener-
ally remain consistent through all model specifications, regardless of
macroeconomic conditioning. Momentum has a significant effect in all
four specifications, while value shows significance in three out of four.
This consistency of momentum is also shown by Ehsani and Linnain-
maa (2022). In addition to this, both characteristics are amplified in

their magnitude during times when money supply is high.

e The size effect (ME), while insignificant on its own, becomes meaning-
ful under certain macroeconomic conditions. While the results yielded
no significance for size in the baseline model, there are several signifi-
cant interaction between size and macroeconomic indicators. Perhaps
most interesting is that the results tend to show greater allocations

toward larger firms in most interactions, which is in contrast to the

46



effect documented by e.g. Fama and French (1992) and Hou, Xue,
and Zhang (2015), but align with the findings of Avramov and Chor-
dia (2006).

Profitability and investment remain weak across models. Despite their
inclusion in recent multi-factor models, these characteristics do not
generate significant exposures here. This supports the suggestion by
Cochrane (2011) that not all pricing anomalies translate into profitable

investment strategies under realistic constraints.

Macroeconomic timing is promising but sensitive out-of-sample. While
interaction terms offer a compelling in-sample story, they introduce
substantial estimation risk out-of-sample. This highlights the trade-off
between flexibility and robustness—an issue also emphasized by Ham-
merschmid and Lohre (2018) and Gu, Kelly, and Xiu (2020). However,
the results from implementing ¢ constraints indicate that this estima-
tion risk can be significantly reduced via proper regularization of the

parameters.
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8 Conclusion

This thesis examines whether incorporating macroeconomic information into
characteristic-based portfolio policies improves risk-adjusted performance.
Building on the parametric portfolio policy (PPP) framework of Brandst,
Santa-Clara, and Valkanov (2009), the analysis extends their model by inter-
acting firm characteristics with macroeconomic indicators, allowing portfolio
weights to adjust dynamically in response to changes in the economic envi-
ronment.

The empirical results provide clear evidence that macro-conditioned port-
folios can improve in-sample performance. Across all macroeconomic model
specifications, Sharpe ratios and mean returns are higher than those of the
benchmark portfolios of equal-weighted, value-weighted, and static charac-
teristic strategies. These improvements are achieved with relatively sparse
models that interact a small number of standardized firm characteristics with
four macroeconomic predictors, demonstrating the efficiency and flexibility
of the extended framework.

However, the out-of-sample results show more nuanced performance. While
the baseline PPP model exhibits consistent and robust performance over
time, the macro-conditioned portfolios are more sensitive to training win-
dow length and exhibit higher volatility and turnover, especially early in the
sample period when coefficient estimates are less stable. Despite these chal-
lenges, several macro models begin to outperform their static counterparts
as more data becomes available, suggesting that the approach holds promise
with sufficient training history.

To address the instability of time-varying exposures and reduce estima-
tion risk, this thesis incorporates an ¢s constraint directly into the optimiza-
tion of macro-characteristic coefficients. The results show that imposing
this constraint significantly reduces portfolio turnover without compromis-
ing in-sample performance. In many cases, out-of-sample Sharpe ratios also

improve relative to the unconstrained models, indicating that regularization
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enhances the robustness and implementability of dynamic strategies. These
findings are consistent with the theoretical benefits of shrinkage methods in
high-dimensional settings, as documented by Jagannathan and Ma (2003).

An important contribution of this thesis is its robustness check using
a comprehensive set of 495 possible macro-variable combinations. While
the top-performing portfolios in-sample tend to be hybrid models with lim-
ited economic interpretation, the four benchmark models (M1-M/) based
on business cycles, valuation ratios, and monetary indicators consistently
span the center of the performance distribution. This suggests that these
macroeconomic themes are broadly representative, achieving a balance be-
tween economic relevance and empirical performance.

The analysis also reveals several persistent conditional effects. For ex-
ample, while the unconditional PPP model finds no significant role for firm
size, several macroeconomic model specifications uncover time-varying size
effects, particularly when conditioned on aggregate market valuation indi-
cators. Similarly, exposures to value and momentum increase in environ-
ments with high money supply, consistent with theoretical predictions that
macro conditions influence investor risk aversion and the pricing of risk fac-
tors (Cochrane, 2011).

Beyond performance metrics, the extended PPP model remains inter-
pretable and computationally efficient. By structuring portfolio weights as
linear functions of standardized characteristics and macroeconomic variables,
the model avoids the issue of estimating a large number of first and second
moments of returns, encountered in mean-variance optimization.

Nonetheless, the thesis also highlights several limitations. First, the use
of a fixed 4-variable specification in each macro model is a reasonable, but
ultimately arbitrary, balance between explanatory power and reducing risks
of overfitting. A future robustness check could be to vary the amount of vari-
ables included in each model. Second, while the macroeconomic indicators

are motivated by prior literature, the true underlying state variables driving
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asset returns are likely too complex to be captured by a few indicators, a chal-
lenge long noted in the asset pricing literature (Chen, Roll, and Ross, 1986).
Finally, turnover and transaction costs remain a concern, particularly for the
more volatile out-of-sample models. Future work may incorporate more so-
phisticated cost models or explore ways to directly penalize turnover in the
optimization.

Overall, this thesis contributes to the growing literature on dynamic
portfolio construction and conditional asset pricing by demonstrating that
macroeconomic information can be systematically integrated into paramet-
ric portfolio models. The findings suggest that simple, interpretable exten-
sions of existing models can yield meaningful improvements in performance,
particularly when exposures are allowed to adjust in response to economic
conditions. By bridging firm-level characteristics with macroeconomic con-
text, this work helps move the field closer to building portfolios that are both

economically grounded and empirically robust.

Future Extensions

While this thesis adopts a linear and interpretable framework, future work
could explore more flexible, nonlinear approaches to modeling time-varying
exposures. One promising direction involves incorporating machine learn-
ing techniques, which are capable of capturing more complex interactions
between characteristics and macroeconomic variables.

Recent studies such as Gu, Kelly, and Xiu (2020) and Simon, Weibels,
and Zimmermann (2025), have demonstrated the effectiveness of machine
learning in high-dimensional asset pricing and portfolio construction tasks.
These methods could potentially uncover nonlinearities and higher-order in-
teractions that the current linear Kronecker specification cannot capture.

Finally, a model that incorporates transaction costs and liquidity con-
straints directly in the optimization, rather than post estimation, would

help assess the real-world implementability of dynamic strategies, particu-
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larly those with higher turnover. Including these frictions directly in the
optimization would yield more conservative and realistic portfolios suited to
institutional investors.

These extensions would build on the interpretability and tractability of
the parametric portfolio framework while increasing its flexibility and pre-

dictive power in changing market environments.
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A Additional Tables

Metric Model 1 Model 2 Model 3 Model 4
IS 00S IS 00S IS 00S IS 00S

e 0.235 0.226 0.249 0.256 0.287 0.241 0.241 0.212
o(r) 0.192 0.295 0.193 0.318 0.229 0.312 0.190 0.339
SR 1.222  0.767 1.289 0.804 1.254 0.770 1.265 0.625
CE 0.190 0.020 0.207 -0.725 0.215 0.023 0.201 -0.976

Q 0.240 0.230 0.255 0.269 0.298 0.250 0.248 0.225
B -0.063 -0.049 -0.070 -0.159 -0.122 -0.109 -0.085 -0.154
o(a) 0.192 0.295 0.193 0.317 0.228 0.312 0.190 0.339
IR 1.251  0.782 1.322 0.848 1.303 0.801 1.305 0.664

Table Al: Annualized performance metrics using the raw macroeconomic
indicators for time-varying parametric portfolio policies (Models 1-4), in-
cluding in-sample (IS) and out-of-sample (OOS) periods. Metrics include
mean excess return, standard deviation, Sharpe ratio, certainty equivalent
return (CRRA, v = 5), CAPM alpha and beta, and information ratio.
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Metric Model 1 Model 2 Model 3 Model 4

IS 00S IS 00S IS 00S IS 00S
|w;| x 100 0.608 1.015 0.510 0912 0.774 1.147 0.535 1.029
Max w; x 100 4.424 14.230 4.415 9.866 6.776 17.144 4.212 12.644
Min w; x 100 -2.250 -3.431 -1.971 -3.121 -2.181 -4.055 -1.848 -3.659
Swil(w; <0)  -1.021 -2.037 -0.775 -1.779 -1.435 -2.368 -0.838 -2.072
S I(w; < 0)/N, 0.418 0.482 0.400 0486 0.461 0.497 0.411 0.490
Turnover 0.904 1.468 1.185 2.082 1.386 1.684 0997 1.823

Table A2: Portfolio weight statistics using the raw macroeconomic indicators
for Models 1-4 (time-varying parametric policies). Includes average absolute
weights, maximum and minimum individual weights, total short exposure,
proportion of shorted stocks, and average monthly turnover. Results shown
for both in-sample (IS) and out-of-sample (OOS) periods.
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