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This policy brief note is based on a working paper that investigates the performance of machine learning
algorithms, particularly Lasso Logit Regression, in actively managed high-grade bond portfolios. It emphasizes
the superior performance of ensemble algorithms and underscores the significance of the proposed signal
translation approach. Notably, a noteworthy portion of alpha generation stems from the identification of
‘extreme’ movements, while it also highlights the presence of time-dependency and instability in selected
financial and economic variables.

The use of quantitative methods constitutes a standard component of the institutional investors’
portfolio management toolkit. In the last decade, several empirical studies have employed probabilistic
or classification models to predict stock market excess returns, model bond ratings and default
probabilities, as well as to forecast yield curves. To the authors’ knowledge, little research exists into
their application to active fixed-income management. This paper contributes to filling this gap by
comparing a machine learning algorithm, the Lasso logit regression, with a passive (buy-and-hold)
investment strategy in the construction of a duration management model for high-grade bond portfolios,
specifically focusing on US treasury bonds.

*Disclaimer: The opinions in this Policy Brief are solely those of the authors and do not necessarily represent those of
Banco de Espafia or the Eurosystem.

This plece is based on Mercedes de Luis, Emilio Rodriguez and Dlego Torres (2023) “https: waw bde. es[wbe[enz

income-portfolio-management--a-lasso-logit-approach-.html” Banco de Espafa Working Paper No. 2324.
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The method proposed to overcome potential worse out-of-sample performance in Lasso logit algorithm
consists of a two-step procedure. In the first step, a Lasso logit model is estimated with a long time span (ten
years, in order to include around two economic cycles) that is interpreted as the long-term relationship between
financial and economic variables and the portfolio performance. In the second step, another model is estimated, a
simple logit regression with the error committed in t - 1 and the prediction made by the Lasso logit estimated
with the long time span as explanatory variables, this step is estimated for the last four years (around a standard
economic cycle). If the error committed in t-1 is statistically significant, the probability eventually used will be the
one obtained in the second step; otherwise, it will be the one obtained in the first step.

A simple ensemble averaging is also proposed to overcome possible overfitting or model
misspecification. Ensemble averaging is the process of creating multiple models and combining them to produce
a desired output, as opposed to creating just one model. The ensemble of models frequently performs better than
any individual model, because the various errors of the different models tend to "average out". In the present
study three distinct models are estimated, each pertaining to a specific type of statistical property observed in the
data, namely level, first difference, and monthly growth stationary variables. The final estimation is obtained by
taking a simple average of the three estimates.

Another contribution of the paper is an algorithm that translates probabilities into three portfolio
duration signals (short, neutral and long). The algorithm checks the distribution of probabilities given by the
model in the in-sample period conditioned on the observed direction of the portfolio market value (i.e. if it had
positive or negative returns). Short signals are derived from probabilities lower than the 25th percentile of the
distribution when the index went down and long signals when probabilities are higher than the 75th percentile,
but in this case conditioned on cases where the index went up (Chart 1). Neutral signals are assigned to
probabilities between those two previously defined thresholds (i. e. higher than the 25th percentile when the
index presented negative returns and lower than the 75th percentile when positive returns were observed). The
proposed mapping is also compared to a “naive” threshold or “rule of thumb” (up to 33% short position, 33%-
66% neutral and more than 66% long).

Chart 1: Thresholds based on conditional probability distributions
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Source: Own elaboration.

www.suerf.org/policynotes SUEREF Policy Brief, No 805 2



The proposed models (simple ensemble and simple ensemble with two steps) surpass passive investment
in terms of performance metrics like annual returns, Sharpe ratio, and accumulated return (Table 1).
They also showcase a positive excess return and a superior information ratio. However, these models fail to
improve upon the risk ratios when stacked against the Ladder and Barbell alternative strategies, though these
strategies carry their own demerits - negative excess returns and the poorest information ratios. Interestingly,
compared to the "Always Long" strategy, the Simple Ensemble model exhibits a lower annual return, but it
outperforms in terms of the Sharpe ratio and risk metrics. It shows a significantly lower tracking error, maximum
drawdown, VaR 5%, and CVaR, highlighting its ability to manage risk more effectively despite lower returns
compared to the “Always Long” strategy. Thus, it appears that the Simple Ensemble model offers a more
balanced performance-risk profile than either the "Always Long" strategy or the alternative Ladder and
Barbell strategies.

Table 1: Performance and risk ratios (annualized figures)

Performance Ratios | Risk Ratios

Annual Returns  Sharpe Ratio Accum. Return  Exc. Return, Info. Ratio SE Tracking Error MaxDD VaR 5% CVaR
Passive Investment 2.18 0.58 23.47 na n/a | 3.78 nfa =7.72 -16.48 -23.28
Lasso Default 213 0.55 2282 -0.05 -0.10 3.91 0.46 -7.75 -15.51 -25.01
Lasso Default (Two step) 215 0.55 23.04 -0.03 -0.06 | 3.92 0.46 =7.73 -15.51 -25.01
Lasso Simple Ei ble* 2.37 0.61 25.74 0.18 0.53 3.85 0.35 -7.36 -14.66 -22.91 |
Lasso Simple Ensemble (Two Step)* 2.29 0.60 24.83 0.1 0.39 | 3.82 0.28 -7.56 -14.66 -22.91
Always Long 2.55 0.53 27.51 0.37 0.32 4.80 1.16 -9.61 -23.80 -31.46
Ladder 1.98 0.61 21.26 -0.20 0.3 | 3.22 0.65 -5.73 -15.50 -25.17
Barbell 1.88 0.64 20.16 -0.30 -0.31 2.96 0.98 -5.73 -14.56 -22.18

Note: " p < 0.1. Period 2012-2021.
" Excess returns compared to Passive Investment's accumulated retumns.

The excess return generated by the model in the out-of-sample period is statistically significant, but
primarily attributable to the identification of extreme movements in the dataset. For returns that are
below 1.280, the alpha is lower (0.05) and not statistically significant (p-value = 0.27). However, when focusing
on returns exceeding the 1.28c threshold, a much higher alpha of 0.88 is found, significant at the 5% level. This
underlines the importance of extreme movements in generating alpha in this context. These insights are further
confirmed by conducting a regression that specifically identifies these extreme movements (Table 2). The model
is estimated to generate 94 basis points (bp) of excess return in the top 20% of the data considered "extreme"
(greater than 1.28 standard deviations). According to the regression table, the alpha at the 80th percentile
(greater than 1.280) is 0.94 with a standard error of 0.10, which is statistically significant at the 1% level (p-value
= 0.010). The constant term, representing the alpha when not considering these extreme data points, is 0.09 with
a standard error of 0.03, but it is not statistically significant (p-value = 0.429).

Table 2: Lasso Simple Ensemble Two-Step: alpha

alpha (%), p-value n
Whole sample 0.18 0.05 120
returns < 1.280 0.05 0.27 101
returns > 1.280 0.88 0.05 19
returns > 1.640 0.31 0.17 13
retumns > 1.960 0.60 0.18 8
alpha (%), coefficient Std. Ermr. p-value
percentile 80 (> 1.280) 0.94 0.10 0.010
constant 0.09 0.03 0.429

;Annualized figures.
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The relevance of the variables selected by the model is not stable and changes over time (Table 3). Only
two variables appear recurrently in the whole out-of-sample exercise, one related to economics (US import
prices) and another related to financial flows (Japanese two-year government bond). US capacity utilization
appears 9 out of 10 years, jointly with the 7 year Japanese bond and the Euro Swap Overnight Index Rate (OIS)
for one week. Remarkably the betas are not stable year over year. For instance, it seems that at the end of the out-
sample period US capacity utilization is losing forecasting power compared to US 1yly inflation forward rate.
This result goes in line with the increase in inflation uncertainty observed in 2021 when the COVID-19 measures
started to be loosened and the demand began to lift out.

Table 3: Set of variables selected by year and their betas

Variable Type Year incl. 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 Mean beta
US Capacity Utilization ECON 9 038 042 031 042 038 037 027 0,19 0,07 031
Unemployment ECON 1 027 0,27
Japan (7 year Issue) FINANCIAL ] 023 | 033 025 025 0,29 0,25 -0.28 -0,26 017 0,26
Dax Index FINANCIAL 7 002 018 028 027 023 030 026 022
Japan (2 year Issue) FINANCIAL 10 0,05 -0,24 022 -0,24 026 034 023 -0.28 -0,24 0,10 0,22
Home Builders Market Index ECON 8 -0.26 0732 -0,14 0,14 0,10 ; 0,10 0,12 017 017
JPMorgan Investor Sentiment Survey Active (long) SURVEY 4 005 0,14 =017 024 0,15
WIX FINANCIAL 1 013 0,13
Euro Swap 1 week FINANCIAL 9 0,02 0,13 0,15 0,17 0,18 020 0,10 0,14 0,11 0,13
Adjusted Retail Sales ECON 6 012 0,18 -0,20 0,13 0,12 -0,04 0,13
USIm port Prices ECON 10 0,19 013 0,06 0,10 021 0,09 0,12 0,15 -0,07 0,08 0,12
S-year USOpen Interest FINANCIAL a 0,22 0,186 0,16 017 40,08 -0,09 0,00 -0,02 0,11
Japan (5 year Issue) FINANCIAL 3 [oEEn 001 001 0,11
US Retail Sales ECON 2 0,01 0,20 0,11
Economic Condition Michigan SURVEY - 0,10 0,04 0,07
OIL Open Interest COMMODITIES 2 0,00 0,13 0,07
USExport Prices ECON 5 -0,06 -0,06 0,08 010 0,02 -0,06
USInflation Forward Rate 1y1y FINANCIAL 8 001 0,00 0,02 0,09 0,10 0,02 0,06 0,09 0,05
PMI Services SURVEY 4 0,01 0,03 0,11 <0,04 0,04
USManufacturers New Orders ECON 4 0,04 -0,11 0,01 0,02 0,04
JPMorgan Investor Sentiment Survey All (long) SURVEY 4 -0,03 002 -0,04 0,08 -0,04
Eurostoxx Im plied Volatility FINANCIAL 1 0,03 0,03
US3 month FINANCIAL 1 -0,03 -0,03
Global Implied Volatility FINAMCIAL 3 0,02 0,05 0,01 0,03
OiL COMMODITIES 1 -0,02 -0,02
US Industrial Production ECON 1 0,02 002
Man. Activity (Kansas) ECON 3 0,01 -0,01 -0,01 0,01

Source: Own elaboration.

In summary, this research provides a contribution to the field of active fixed-income management by
employing a machine learning approach using Lasso logit regression. While the models proposed
outperform passive investment strategies in terms of key performance indicators like annual returns, Sharpe
ratio, and information ratio, they don't necessarily improve upon risk ratios when compared to alternative
strategies like Ladder and Barbell. Our research also points to the pivotal role of extreme market movements in
generating alpha, highlighting the model's efficiency in capturing these dynamics. Moreover, we introduce an
innovative algorithm for translating probabilities into feasible portfolio duration signals, offering a systematic
way to balance both performance and risk. The ensemble approach further enhances the robustness of the model
by mitigating the risks of overfitting and model misspecification. However, our research also reveals the time-
varying relevance of selected variables, underlining the necessity for ongoing model refinement and adaptability.
The observed shift in the predictive power of variables like US capacity utilization against the backdrop of
changing economic conditions emphasizes the importance of keeping the model attuned to dynamic market and
economic landscapes. Therefore, while the models offer compelling benefits, we call attention to their limitations
and the importance of constant evaluation and adjustment in the complex environment of active fixed-income
management.
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