Factor-ML

1 Overview

Factor-ML uses XGBoost-predicted expected returns to form a long-short equal-weighted portfolio.
Expected returns are estimated using the XGBoost model from Chen and Guestrin (2016), following
the methodology of Jensen et al. (2025). Stocks are sorted into deciles based on predicted returns,
and the portfolio goes long the top decile and short the bottom decile with equal weights within
each side.

2 Expected Return Estimation

We estimate expected returns using the XGBoost model (Chen and Guestrin 2016) to predict
realized excess returns over the next month as a function of security characteristics today. Security
characteristics are percentile-ranked cross-sectionally (between 0 and 1) and then we subtract 0.5 to
center it around zero. Missing values are imputed with zeros.

2.1 Training Setup

We use a rolling window of 10 years of training data. For each test month, the training data is split
into 5 temporal folds (i.e., 5 consecutive blocks of months in chronological order) for cross-validation.
The XGBoost base score (the initial prediction before any trees are added) is set to 0.

The frequency of hyperparameter tuning is controlled by the test_period_length parameter, which
specifies the number of consecutive test months per chunk. With test_period_length = 12 (the
default), hyperparameters are re-tuned once per year: the model is trained on data up to the first
month in the chunk and then used to predict all months in that chunk. Setting test_period_length
= 1 re-tunes every month.

2.2 Hyperparameter Tuning
Our approach to selecting hyperparameters follows a two-stage procedure.

Stage 1. We train 20 different models on the training data based on 20 sets of hyperparameters
and a fixed learning rate of 0.15, with a maximum of 1,000 iterations and early stopping after 25
rounds without improvement. For each hyperparameter set, we evaluate the mean squared error
across the 5 temporal folds and select the set that leads to the lowest average mean squared error.

Stage 2. We train a new model on the training data using the parameters found in the first stage,
except that we now train the model with a learning rate of 0.01 and a maximum of 10,000 iterations
(with the same early stopping rule of 25 rounds). We then record the optimal number of iterations



for the model (i.e., the number of individual decision trees to include in the ensemble before the
model starts to overfit), averaged across the 5 folds.

Finally, we train a model on the full training data (i.e., all data in the rolling window) using a
learning rate of 0.01, the non-learning rate parameters from stage 1, and the optimal number of
iterations from stage 2, and use this model to estimate expected returns, f,.

2.3 Hyperparameter Grid

The 20 hyperparameter sets are generated using the grid_space_filling function from the dials
package (https://dials.tidymodels.org/) with the type set to “max_ entropy” to cover the parameter
space. The tuned hyperparameters and their ranges are:

o Features (colsample_bytree): fraction of features sampled for each tree, range [1/K, 1]
where K is the number of features

o Tree depth (max_depth): maximum depth of each tree, range [1,7]

o Sample size (subsample): fraction of observations sampled for each tree, range [0.2, 1]

o Penalty (reg_lambda): L2 ridge penalty, range [1072,10%] on a log;, scale

All parameters are drawn from their natural scales, except for penalty, which is drawn from a
logarithmic (base 10) scale. Two additional parameters are held fixed: minimum child weight
(min_child_weight) is set to 1, and minimum split loss (gamma) is set to 0.

3 Portfolio Construction

The Factor-ML portfolio uses the expected return estimates j1, from the XGBoost model and buys
the 10% of stocks with the highest expected returns while shorting the 10% of stocks with the lowest
expected returns. Stocks are equal-weighted within the long and short sides of the portfolio.

4 Performance

Table 1 reports the out-of-sample performance of the portfolio on the CTF test set (U.S. stocks).
Portfolios are formed at the end of each month from December 1989 to November 2023, and
returns are the realized excess returns over the following month. The statistics are computed with
scripts/performance_stats.R from the model output.

Table 1: Out-of-sample performance statistics.

Statistic Value
Test period (portfolio formation dates) Dec 1989 to Nov 2023 (408 months)
Average return (annualized) 16.6%
Standard deviation (annualized) 18.7%
Sharpe ratio (annualized) 0.89
Average number of stocks 435
Gross leverage (average > |w; ,[) 2.00
Turnover (average monthly) 167.1%
Maximum drawdown 37.3%
Maximum drawdown, scaled to 10% volatility 21.0%



https://dials.tidymodels.org/

Gross leverage is the sum of the absolute portfolio weights, averaged over months. Turnover in
month ¢ is 3 |w; , — @, ,|, where @;, = w;, (1 +r;;)/(1+r,,) are last month’s weights after
they drift with realized returns; stocks entering or leaving the portfolio count in full. The maximum
drawdown is the largest peak-to-trough decline of the compounded portfolio return. Because the
average return, standard deviation, and drawdown depend on the scale of the portfolio weights, the
last row also reports the maximum drawdown after scaling the portfolio returns to an annualized
volatility of 10%, which makes it comparable across models. Figure 1 shows the cumulative return.
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Figure 1: Cumulative excess return (sum of monthly returns) over the test period.

5 Code and Reproducibility

The code is public at https://github.com/theisij/common-task-framework-SDF. The submitted
weights were produced by the version tagged ctf-submission-2026-10-01-v2 (commit c29881e,
2026-10-01): https://github.com/theisij/common-task-framework-SDF /tree/ctf-submission-2026-10-
01-v2.

o Model script (the submitted file): models_R/factor-ml/factor_ml_standalone.R
» Dependencies: models_R/factor-ml/renv.lock, for the CTF runtime (R 4.4.2)

e Commit: c29881e5a85f28c844d1eb4359e02c31533b4833

e SHA-256 of the model script:

£c3£50c293b0ae740dd227b4fbad762618c1daf27533414462dc555a1274e60f

To reproduce, check out the tag, place the CTF data in data/raw/, run Rscript scripts/build_model.R
models_R/factor-ml/factor_ml.R, and call main() in the resulting standalone script (or submit
models_R/factor-ml/factor_ml.slurm on a SLURM cluster).

The weights are deterministic and do not depend on how the data is passed to the model. Random
seeds are fixed, and main () first puts its inputs in a canonical order: the stock characteristics are
sorted by stock identifier and month, the list of features alphabetically, and the columns by name.
This matters because some estimation steps depend on the order of the data, for example XGBoost’s
random sampling of rows and columns.


https://github.com/theisij/common-task-framework-SDF
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