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Abstract

We study short-horizon equity selection through a decision-aligned winner predic-
tion task: given recent market history for a fixed universe, predict which asset will
achieve the highest next-day return. This reframes return forecasting as a multiclass
classification problem and provides a natural analogue to next-token prediction in
sequence modeling. Using a decade of daily data for seven large-cap NASDAQ
equities, we compare forecast-then-argmax pipelines with direct discriminative
models, including classical classifiers and Transformer encoders. We find that mod-
els achieving the highest top-1 accuracy often do so by collapsing predictions onto
a small subset of dominant assets, while sequence models trade accuracy for sub-
stantially broader class coverage. These results expose an accuracy—concentration
tradeoff in relative-return forecasting and highlight the need for class-sensitive and
diversity-aware evaluation beyond headline accuracy in Financial Al benchmarks.

1 Introduction

Forecasting financial markets remains a central challenge for both quantitative finance and machine
learning, not only because of the economic value of accurate predictions, but also because market
dynamics are noisy, non-stationary, and heavily influenced by latent factors. Classic arguments
from the Efficient Market Hypothesis suggest that publicly available information should be rapidly
incorporated into prices, limiting the predictability of excess returns [5, [15]. At the same time,
practitioners routinely deploy statistical and machine learning models to extract weak but actionable
structure from historical data. This tension continues to motivate careful empirical studies that clarify
which modeling choices help in realistic settings, and which apparent gains arise from problem
formulation or evaluation artifacts.

Most work in stock prediction focuses on forecasting prices or returns for a single asset, commonly
as a regression task. In practice, however, investment decisions are often relative: capital is allocated
across a set of candidates, and the key question becomes which asset is likely to outperform its
peers over a given horizon. Motivated by this observation, we study a simple but decision-aligned
formulation: given a fixed universe of stocks and a window of past observations, predict which
stock will achieve the highest next-day return. Concretely, for each trading day we label the winner
as the asset with the maximum realized daily return within the universe, and we train models to
predict the next winner. This recasting transforms next-day forecasting into a multiclass classification
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problem with a discrete outcome space, and it creates a natural connection to “next-token” prediction
objectives used in modern sequence modeling [211 4} 27].

This formulation has two practical advantages. First, it avoids sensitivity to the scale of returns and
emphasizes relative ordering, which is often what matters for allocation decisions. Second, it enables
direct comparison between two families of approaches: (i) continuous forecasting pipelines that
predict per-asset returns and then select the argmax, and (ii) direct classifiers that map historical
features to a winner label. The setting is also challenging in ways that mirror real financial prediction:
winner labels are typically imbalanced (some assets win more frequently), market regimes shift over
time, and short-horizon returns exhibit heavy tails. As a result, model performance cannot be fully
understood from accuracy alone; it is also important to characterize whether models collapse to a
small subset of classes, a behavior that may be undesirable in downstream decision systems.

We evaluate representative methods from classical time series modeling, standard machine learning,
and deep sequence modeling. For statistical baselines we consider autoregressive approaches,
including ARIMA-style models and multivariate extensions [[16} 26]. For direct classification we
include multinomial logistic regression and random forests [12} 22| 3| [14]]. For neural sequence
models we consider recurrent architectures [8] and Transformer-style encoders [21} 27], which have
demonstrated strong performance on a range of time series tasks and have motivated specialized
variants for long-range temporal dependencies [13} 28} 25]]. Features are constructed from standard
daily market variables (open, high, low, close, volume) and widely used technical indicators such as
RSI, moving averages, MACD, Bollinger Bands, and stochastic oscillators [12, (10, 24 [1]]. Price and
metadata are obtained from widely used public sources [6 |18} [23]].

Across these model families, a central empirical theme emerges: maximizing headline accuracy
can encourage prediction concentration, where a model frequently predicts only a small subset of
stocks that dominate the label distribution. In our experiments, linear and tree-based classifiers
can achieve the highest test accuracy in this benchmark, but often by focusing predictions on a few
highly volatile assets. In contrast, Transformer-based models typically yield lower top-1 accuracy
yet produce a broader distribution over predicted winners, which may be preferable when the
classifier is a component inside a larger decision pipeline. This motivates a more nuanced view
of evaluation for relative-return prediction tasks, in which diversity-aware summaries complement
standard classification metrics.

Contributions. This work makes the following contributions:

* Decision-aligned formulation. We formalize short-horizon equity selection as a winner
prediction problem, reframing relative-return forecasting as a multiclass classification task
that aligns naturally with sequence modeling and next-token prediction objectives.

* Unified empirical comparison. We conduct a controlled comparison between forecast-then-
argmax pipelines and direct discriminative models, spanning classical time-series methods,
standard classifiers, and neural sequence models, under a consistent temporal split and
feature construction.

* Evaluation failure mode. We empirically demonstrate that optimizing top-1 accuracy under
label imbalance can induce prediction concentration, where models collapse onto a small
subset of dominant assets, obscuring poor class coverage.

* Accuracy—-concentration tradeoff. We show that different model families occupy distinct
points on a tradeoff between predictive accuracy and diversity of predicted winners, with
Transformer encoders favoring broader class coverage at the cost of accuracy.

» Implications for Financial AI evaluation. We argue that relative-performance forecast-
ing tasks require class-sensitive and concentration-aware metrics in addition to accuracy,
particularly in small-universe, non-stationary settings.

The remainder of the paper is organized as follows. Section[2]defines the task and evaluation protocol.
Section [3]describes the dataset and feature construction. Section ] presents the models, and Section 3]
reports empirical results and analyses. Section [6]discusses implications, limitations, and responsible
use.



2 Problem Formulation and Evaluation

Let A = {1,..., N} denote a fixed universe of N stocks. For each asset i € A and trading day ¢,
we observe a feature vector xgl) € R4 built from daily market variables (e.g., OHLCV), calendar
encodings, and technical indicators.

We define the (signed) one-day return for asset ¢ on day ¢ as
Ct(i) B Ogi)
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where Ogi) and C’t(i) are the open and close prices of asset 4 on day ¢.

2.1 Winner label (multiclass target)

For each day ¢, we assign a winner label as the index of the asset with the largest realized return
within the universe: _
Yt = argmax rt(z) e{1,...,N}. 2)
1€

Ties are rare; if they occur, they can be broken deterministically (e.g., by choosing the smallest index)
to keep the mapping well-defined.

This produces a supervised learning dataset of input histories and next-day labels {(X¢, y++1)},
where X; summarizes information available up to day ¢.

We use a fixed-length lookback window of L trading days. Let

1 1 N N
Xt:[xg_)L_H,...,xg);...;xg_)L_H,...,XE )} 3
denote the windowed inputs for all assets. Depending on the model family, X} is treated either as a
sequence (for LSTM/Transformer encoders) or as a flattened feature vector (for classical classifiers).
All splits are chronological to avoid look-ahead bias.

2.2 Two modeling paradigms

We compare two common ways to produce a winner prediction ;1.
(i) Continuous forecasting pipeline. A forecaster produces per-asset return predictions ft(fl and
the predicted winner is selected by an argmax:

Ao 4(4) 4
Y1 = argmax iy 4

This paradigm includes univariate models fit per asset and multivariate models that jointly model the
return vector ry = [r"), ... r™T.

(i) Direct multiclass classification. A classifier directly models the conditional distribution over
winners:

~ N—1 ~ ~
Pir1 = fo(Xe) € A ) Y41 = arg —max - Pitik, (5)
ke{l,...,N}
where AN~1 is the (N —1)-simplex. This formulation mirrors next-token prediction in sequence
modeling, with classes corresponding to assets.

3 Data and Features

Data source and stock universe. We study a fixed universe of N = 7 large-cap technology stocks
drawn from the NASDAQ-100 constituents with the highest market capitalization at the time of data
collection: Apple (AAPL), Amazon (AMZN), Alphabet Class C (GOOG), Meta (META), Microsoft
(MSFT), NVIDIA (NVDA), and Tesla (TSLA). The motivation for focusing on this small, liquid
universe is twofold: (i) these assets are heavily traded and have relatively stable data availability, and



(ii) the constrained setting enables a controlled comparison of modeling paradigms under a consistent
evaluation protocol.

Daily OHLCV data (Open, High, Low, Close/Last, Volume) and trading dates are obtained from
the official NASDAQ data service [18]. The curated datasets used in this work are provided as
supplementary materials. The raw series covers the maximum historical window available from the
NASDAQ interface at the time of extraction, with the earliest date on May 7, 2015 and the latest date
on May 6, 2025 (2,515 daily records per stock prior to feature engineering) [18].

Preprocessing and cleaning. We use daily OHLCYV data for each stock and define the target return as
the open-to-close percentage change rt(l) = 100- (C’t(’) ngl) )/ O,E’) (Eq. (1)), labeling each day by the
stock with the maximum next-day return (Eq. (). Features include the base price/volume variables,
cyclical calendar encodings (weekday, month, week-of-year), and standard technical indicators (RSI
and ATR [24]], Bollinger Bands [2]], stochastic oscillator [10], and common moving-average and
MACD variants), consistent with prior work [[1,[7]. Preprocessing is fit on the training period only
and applied to validation/test to avoid leakage; rolling-window indicators induce initial undefined
values, so we drop the first 19 rows per stock after feature engineering, retaining outliers as genuine
market events and standardizing continuous inputs with StandardScaler. The final dataset contains
17,472 rows (2,496 per stock) with 23 columns per row, and we evaluate using a chronological split:
train (May 2015-Dec 2022), validation (Jan 2023—Jun 2024), and test (Jul 2024-May 2025). See
App. [A]for additional details.

4 Methods

We study the winner-prediction task (Section [2) through two complementary paradigms. The first is
a two-stage continuous forecasting approach: forecast the next-day return for each asset and select
the predicted winner by an arg max rule (Eq. (@)). The second is direct multiclass classification:
predict the next-day winner label end-to-end (Eq. (3)). All models are trained and selected using the
chronological train/validation split described in Section 3]

Continuous forecasting pipelines. In the continuous setting, a model produces one-step-ahead
forecasts {72&)1}1]\;1 for the return of each stock, and the winner prediction is obtained as ;41 =

arg max; 72&)1 (Eq. (@)). We evaluate classical time-series baselines that differ in how they exploit
temporal structure and cross-asset dependence. ARIMA is fit independently to each asset return series

{rt(i)} and combines autoregressive, differencing, and moving-average components [16} 26]:
9(B)(1— B)'r” = 0(B)e:. (©)

where B is the lag operator and ¢(B) and 6(B) are polynomials of orders p and ¢. To incorporate
correlations across assets, we also consider VARIMA, which models the joint return vector r; =

[rt(l), ce r,gN)]T through matrix-valued AR and MA polynomials [[16} 26]]:
®(B)(1 — B)?r; = ©(B)e;. @)

Finally, to include engineered signals (Section [3), we evaluate VARMAX, which augments the
multivariate return dynamics with exogenous covariates u; (e.g., technical indicators and temporal
encodings):

P s
ry = Z ®ry_; + Zﬂkut—k + &4 (®)
j=1 k=0

For all continuous models, forecasts are converted into winner predictions using the same arg max
rule, enabling a direct comparison with the classification-based methods.

Direct multiclass classifiers. In the direct setting, the model predicts the winner label without
explicitly forecasting per-asset returns. Inputs are derived from the lookback window X, (Section
and represented as either a fixed-length vector (for standard classifiers) or a sequence (for neural
models). We include two classical multiclass baselines. Multinomial Logistic Regression models the
conditional distribution over winners with a linear score followed by a softmax [12, 3} [14]:

exp(¥
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and is trained by minimizing cross-entropy:

1

| > logp(yet | z0). (10)
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Random Forest constructs an ensemble of decision trees with feature subsampling and aggregates
predictions by majority vote [22, (3, [14]:

Z)t+1 :mode{hl(zt),...,hM(zt)}. (11)

To preserve the temporal protocol, training is performed on chronologically ordered samples (no time
shuffling), while stochasticity is introduced through the ensemble construction.

Another type of multiclass classifiers are neural sequence models that operate directly on the length-L
lookback window as a sequence and learn temporal representations that are mapped to a winner
distribution. We consider LSTM networks that employ gated recurrent updates to capture temporal
dependencies while mitigating vanishing gradients [8, 20, (9, |19]]. Given the sequence input, the final
hidden representation is passed to a linear classifier and trained with cross-entropy; this setup is
commonly used in financial prediction with technical indicators [[1].

Transformers. Transformer encoders replace recurrence in LSTMs with self-attention, enabling
parallel processing and explicit modeling of interactions across the entire lookback window [21} 17,
27]. Scaled dot-product attention is defined as

. QKT
Attention(Q, K, V) = softmax( ) V, (12)

Vi
and we use an encoder-only architecture composed of stacked multi-head attention and feed-forward
blocks with residual connections and layer normalization [21]]. Temporal order is provided via
positional encodings or learned positional embeddings, and the encoder output is pooled (or flattened,
depending on configuration) and passed to a classification head producing /N logits. This formulation
aligns naturally with sequence-to-label modeling for time series [27] and is consistent with Trans-
former variants proposed for long-range forecasting [13} 28], 125]]. Hyperparameter choices follow the

ranges summarized in [7} [L1].

Model selection and reporting. For each method, hyperparameters are selected on the validation
period using the metrics in Section [2] The final configuration for each model family is then evaluated
on the held-out test period once. We report accuracy and weighted F1, and we additionally summarize
the concentration of predicted classes to distinguish models that achieve accuracy by predicting a
small subset of winners from those that distribute predictions more broadly.

5 Results

We report test-set performance for all model families under the evaluation protocol in Section [2]
Table [I] summarizes the best-performing configuration for each method, selected by validation
accuracy, and lists per-class F1-scores together with overall accuracy and the support-weighted F1
(Avg Weight).

Overall comparison. Table[I|shows that the best test accuracy on the 7-stock universe is achieved
by multinomial Logistic Regression with all features (27.83%). This is only marginally above a naive
majority-class baseline that always predicts the most frequent winner in the test set (TSLA), which
wins 26.29% of the time. The Random Forest achieves a similar accuracy (26.42%) but exhibits
the same qualitative behavior: strong performance is driven primarily by correctly predicting highly
frequent winners.

Within the continuous-forecasting pipeline (predict next-day returns per asset and select arg max),
the best results are obtained by VARIMA using only daily returns (20.19% accuracy), while ARIMA
reaches 15.96% and VARMAX (with exogenous features) reaches 16.04% in the best setting. Overall,
the continuous models underperform direct classifiers in this benchmark.

Class imbalance and prediction concentration. A key observation from Table [I]is that high
accuracy can coincide with poor coverage of minority classes. For LR and RF, per-class F1-scores are
zero for most stocks, with performance concentrated on a small subset of frequent winners (notably



Table 1: Model comparison by variable type and method
Type Model F1-score by Stock Acc. Avg.
AAPL AMZN GOOG META NVDA TSLA MSFT

Only Daily Return
Classification LR 0.00 000 000 000 032 039 0.00 2629 0.17
RF 0.00 000 0.00 0.00 031 041 0.00 27.23 0.17

ARIMA 0.06 000 008 0.10 028 0.18 0.18 1596 0.15

Continuous  y\piMA 013 011 000 014 028 031 000 20.19 0.19
All Features
LR 0.11 000 000 000 037 038 000 27.83 0.20
Classification RF 0.12 000 000 000 038 028 000 2642 0.18
LSTM 034 015 015 000 031 005 000 21.14 0.17

Continuous  VARMAX 0.30 0.00 0.00 0.00 0.04 0.00 0.00 16.04 0.06
Transformer Transformer 0.08 0.00 0.05 0.01 028 036 0.03 23.21 0.17

TSLA and NVDA). This indicates that these models often collapse to predicting only a few classes,
which is consistent with strong label imbalance in winner prediction.

In contrast, the Transformer encoder attains a lower top-1 accuracy (23.21%) but yields non-zero
F1-scores for a broader set of stocks (including smaller classes such as GOOG, META, and MSFT).
Among the evaluated methods, it offers the most balanced tradeoff between top-1 accuracy and
class-wise coverage. Notably, MSFT obtains non-zero F1 only for ARIMA and the Transformer,
while remaining at 0.0000 for most other approaches in the all-features setting.

Effect of removing MSFT. The consistently low F1 for MSFT across most models motivated an
ablation in which MSFT is removed from the universe and the full study is repeated on the remaining
6 stocks. Table[2]reports the results of this setting (captioned “excluding MSFT” in the source thesis
table). In this modified universe, performance improves for several models, with the most pronounced
change for the Transformer: its test accuracy increases from 23.21% to 25.78%, and its weighted F1
increases from 0.1717 to 0.2284. This indicates that universe composition can substantially affect
both overall performance and class-wise behavior in winner prediction, and that reducing redundancy
among assets can make the next-winner signal easier to learn.

Additional analyses. To further interpret the concentration effects, we also report results on two
restricted universes defined by winner frequency: a “big players” subset (AAPL, NVDA, TSLA) and
a “small players” subset (AMZN, GOOG, META, MSFT). Results are summariezed in TableE]and
Table[d] In these settings, accuracies increase substantially relative to the full 7-way task, reflecting the
reduced number of classes and more homogeneous competition within each subset. Finally, we report
performance on a restricted time period (2022-2024) to probe sensitivity to recent market regimes;
results remain consistent with the main findings, with LR/RF maintaining competitive accuracy
but limited class coverage, and the Transformer trading some accuracy for broader predicted-class
support.

Overall, the results support two conclusions: (i) winner prediction is challenging, with many methods
failing to outperform a simple majority baseline by a wide margin, and (ii) accuracy alone can obscure
meaningful differences in class-wise behavior, making weighted F1 and predicted-class coverage
important complementary summaries for this task.

6 Discussion

This study evaluates a decision-aligned formulation of short-horizon equity forecasting: predicting
which stock within a fixed universe will achieve the highest next-day return. Recasting the problem
as multiclass classification simplifies comparison across model families and connects naturally
to sequence modeling objectives used in modern deep learning [21} 27]. At the same time, the
formulation exposes practical challenges that are often less visible in regression-style return prediction,
most notably label imbalance and prediction concentration.



Table 2: Model comparison by variable type and method excluding MSFT

Type Model F1-score by Stock Acc. Avg.
AAPL AMZN GOOG META NVDA TSLA

Only Daily Return

LR 0.00 000 0.00 0.00 020 035 2207 0.14
RF 0.00 0.00 0.00 0.00 025 039 2582 0.16
ARIMA 0.08 000 0.17 020 0.28 0.17 18.31 0.16

Classification

Continuous  y\pIMA 026 000 005 015 035 018 22.54 0.20
All Features
LR 0.13 000 000 000 036 038 27.83 020
Classification RF 000 000 000 000 037 024 2406 0.14
LSTM 005 006 021 012 030 008 1634 0.14

Continuous  VARMAX 0.00 0.00 0.00 0.00 000 041 2594 0.11
Transformer Transformer 0.23 0.02 0.10 0.11 030 034 25.78 0.23

Table 3: Model comparison of big players
Type Model F1-score by Stock  Acc. Avg.
AAPL NVDA TSLA

Only Daily Return

LR 0.33  0.32 040 3521 0.35
RF 0.11 040 033 31.92 0.27
ARIMA 035 039 022 32.86 032

Classification

Continuous v \pIMA 029 034 038 33.80 033
All Features
LR 022 017 047 33.96 029
Classification RF 0.00 048 0.10 31.60 0.18
LSTM 034 022 038 33.00 032

Continuous VARMAX 0.03 0.00 0.50 33.49 0.17
Transformer Transformer 0.00 0.00 0.52 35.25 0.18

Table 4: Model comparison of small players
Type Model F1-score by Stock Acc. Avg.
AMZN GOOG META MSFT

Only Daily Return

Classification LR 0.32 0.26 0.34 0.28 30.05 0.30
RF 0.29 0.35 0.30 0.14 29.11 0.28
Continuous ARIMA 0.03 0.31 027 0.19 23.00 0.20
VARIMA 0.00 0.00 040 0.00 25.35 0.10
All Features
LR 0.25 0.38 0.20 0.16 28.30 0.25
Classification RF 0.27 0.20 0.35 0.04 26.89 0.23
LSTM 0.16 0.41 0.13 0.12 2548 0.21

Continuous VARMAX 0.00 0.03 0.04 034 21.23 0.09
Transformer Transformer .00 0.42 0.00 0.00 26223 0.11




Accuracy versus prediction concentration A recurring pattern across our experiments is that strong
headline accuracy can coincide with highly concentrated predictions. Linear and tree-based classifiers,
especially when supplied with richer technical features, can improve test accuracy but often do so
by predicting a small subset of stocks that dominate the winner distribution. In our setting these
are typically the most volatile assets, for which the probability of producing the maximum return
on any given day is higher. This behavior is consistent with optimizing standard cross-entropy or
impurity-based objectives under class imbalance: predicting a frequent class is rewarded more often,
and the model may learn decision boundaries that effectively ignore minority winners.

Advantage of Transformers. In contrast, Transformer encoders tend to produce a broader distri-
bution of predicted winners, even when their top-1 accuracy is lower. This does not imply that the
Transformer is intrinsically superior for this task, but it suggests that sequence models may capture
different temporal regularities and class interactions that discourage collapse to a small set of labels.
From a Financial Al perspective, this difference matters because winner prediction is rarely an end in
itself; it is commonly a component inside a larger decision pipeline (e.g., allocation, risk constraints,
or an agentic trading system). In such settings, a model that always recommends the same few assets
can be brittle under regime changes and may be undesirable for diversification or risk management,
even if its accuracy appears competitive in a static evaluation.

Why classical time-series models underperform. ARIMA and multivariate extensions provide
transparent baselines grounded in classical time-series analysis [16} 26]. However, their relative
underperformance here is unsurprising. First, one-day equity returns are noisy and have weak linear
autocorrelation; second, the winner label depends on the relative cross-asset maxima rather than the
absolute predictability of any single series. In addition, the mapping from continuous return forecasts
to a discrete winner via an arg max is sensitive to small forecasting errors: even when per-asset
forecasts are reasonable, the induced winner ranking can be unstable. This highlights a key benefit
of direct classification, which learns the decision boundary on the induced label space rather than
relying on a two-step pipeline.

Feature sensitivity and universe dependence Feature engineering with common technical indicators
can improve predictive performance for several model families, but it also amplifies the concentration
effect for simpler classifiers. This suggests that technical indicators may increase separability for
the dominant classes while remaining insufficient to disambiguate minority winners. Additionally,
the observed improvement in Transformer performance under a fixed-universe ablation (removing
MSFT) underscores that the winner task is sensitive to the universe composition. Because the label
is defined by a cross-sectional maximum, adding or removing a single asset can change the class
distribution and the difficulty of the decision boundary. This has implications for benchmarking:
results should be interpreted as properties of the task instance (universe, horizon, period), not as
universal statements about model superiority.

7 Conclusion

We investigated next-day winner prediction for a small universe of large-cap equities by framing
relative outperformance as a multiclass classification problem. Across experiments, we find that
while simple classifiers can achieve the highest top-1 accuracy, they often do so by concentrating
predictions on a small subset of dominant classes. Transformer encoders, although typically less
accurate, produce a broader distribution of predicted winners, suggesting a different tradeoff that may
be preferable in downstream decision systems where robustness and diversification matter.
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A Additional Preprocessing and cleaning details

All splits are chronological (Section[2)) and preprocessing steps are fit on the training portion only,
then applied to validation and test to avoid information leakage.

Missing values and indicator warm-up. The raw NASDAQ OHLCYV series contains no missing
values. However, technical indicators require rolling windows (e.g., moving averages and Bollinger
Bands), which produce undefined values at the beginning of each stock’s history. After feature
engineering, the first 19 rows per stock contain at least one null value (driven by Bollinger Band
computation) and are removed. This yields a final dataset of 17,472 rows (2,496 observations per
stock), spanning June 4, 2015 to May 6, 2025.

Outliers. Large daily moves, particularly for TSLA and NVDA, are retained as they reflect genuine
market events and strongly influence the winner label distribution. To reduce scale sensitivity during
training, we standardize continuous inputs as described below.

Scaling. Continuous features are standardized using StandardScaler (zero mean, unit variance).
This choice is preferable to min-max scaling in the presence of large outliers, and it improves
numerical stability for scale-sensitive models.

A.1 Base variables and target definition
For each stock ¢ and day ¢, the base observed variables are:
{Open, High, Low, Close/Last, Volume,Date}.

The target return used to define winners is the daily open-to-close percentage return:

; C(i) . O(i)
i =100 - =,
0)

t

consistent with Eq. (I). Each day is labeled with the index of the stock achieving the maximum return
within the universe (Eq. (2))).

A.2 Feature engineering

In addition to the base variables, we construct two groups of features: temporal encodings and
technical indicators.

Temporal variables (cyclical encoding). We derive three calendar features: day of week, month,
and week number of year. Because these variables are cyclical, we encode each using sine/cosine
transformations to preserve circular continuity (e.g., December adjacent to January). This avoids the
artificial discontinuities introduced by one-hot encoding for periodic categories.

Technical indicators. To enrich short-horizon signals and support deep sequence models, we
compute widely used indicators, following standard definitions: (i) Relative Strength Index (RSI)
[24]], (ii) Simple Moving Average (SMA), (iii) Exponential Moving Average (EMA), including
EM A5 and EM Agg, (iv) Moving Average Convergence Divergence (MACD), with signal and
histogram components, (v) Bollinger Bands [2], (vi) Average True Range (ATR) [24], and (vii)
Stochastic Oscillator (%K) [[L0]. This feature expansion mirrors common practice in prior forecasting
studies using neural sequence models [1. [7].

Final feature set. After concatenation across stocks, an identifier column Stock is retained to track
the asset associated with each observation (while the winner label remains the supervised target).
The final dataset contains 23 columns per row, consisting of OHLCYV variables, engineered temporal
features, and technical indicators.
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A.3 Temporal split
We adopt a forward-looking split aligned to calendar boundaries:

e Training: May 2015 through December 2022 (=~ 75%).
* Validation: January 2023 through June 2024 (=~ 15%).
o Test: July 2024 through early May 2025 (=~ 10%).
This split supports realistic evaluation under distribution shift and avoids look-ahead bias. After

selecting configurations using validation performance, the final reported models are retrained on the
combined training+validation set and evaluated once on the held-out test period.
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