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Abstract. Stock return prediction remains challenging because public infor-

mation, investor attention and cross-stock signals are incorporated into prices at 

different speeds. This study develops a two-layer empirical framework for a 

fixed universe of 150 U.S.-listed stocks. The prediction layer first estimates 

positive-forward-return probabilities with a PatchTST-based price model and 

then combines them with lagged sentiment features from investor comments, 

financial news and formal disclosures to measure the incremental contribution of 

text. Separately, the relationship layer removes common factor-driven 

co-movements with FF5 residuals and constructs dynamic Lead-Lag networks to 

identify Missing Link opportunities in delayed cross-stock reactions. The con-

tribution of text varies across sources and horizons: investor-comment infor-

mation is more useful at short and short-to-medium horizons, whereas comments 

combined with formal disclosures are more stable at medium and long horizons. 

The strongest representative Missing Link results occur in 60-70-day graph 

windows with 5-7-day follower periods, while the broader short-follower-period 

grid shows that positive evidence is concentrated in 40-70-day dynamic graph 

windows. 
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An accurate forecast of stock returns is still an important problem in empirical finance. 
Machine learning demonstrates its capability to detect nonlinear return trends in the 
out-of-sample prediction taking into account transaction costs [1] . Deep learning models 
can analyze complicated risk structures [2] , and research on asset pricing emphasizes the 
importance of out-of-sample validation [3] . In addition to the price-related information, 
investor discussions, financial news and corporate announcements may also involve 
useful information such as attention, sentiment and events which are not explicitly 
shown in the stock prices. Sentiment obtained from texts has been observed to enhance 
the prediction of stock returns [4] . Since raw returns might fluctuate at both the overall 
market and style levels, the Fama-French five-factor model is adopted to reduce the 
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effect of these common factors [5] . Both price data and text data can be applied for 
predicting stock movements [6] . Graph-based prediction makes use of the connections 
between different stocks [7] , and event-driven relational forecasting indicates that stock 
movements may propagate through some specific relationships [8] . Therefore, the 
purpose of this study is twofold. The main objective is to examine whether financial 
texts influence the directional prediction in the machine learning techniques. The 
secondary objective is to find the delayed inter-stock responses using FF5 residu-
al-based dynamic Lead-Lag networks under a strict no-lookahead constraint. FF5 
residuals are utilized to decrease the co-movements of general market and style factors 
before constructing the Lead-Lag network. 

The contributions are fourfold. First, the two-layer framework separates return 
prediction from delayed cross-stock analysis. Second, multi-source text is evaluated as 
an increment to PatchTST-based prediction on identical samples. Third, FF5 residuals 
support dynamic Lead-Lag construction. Finally, Missing Link provides event-driven 
decision support under strict no-lookahead constraints. 

The empirical workflow contains three linked but distinct steps. First, daily market 
sequences are used by the PatchTST-based model to generate price-only posi-
tive-return probabilities. Second, timestamped sentiment features from investor dis-
cussions, financial news and formal disclosures are aggregated to the stock-day level 
and fused with those probabilities. Third, daily stock returns and FF5 factor returns are 
used separately to construct residuals for Lead-Lag and Missing Link delayed-reaction 
analysis; machine-learning probabilities do not enter the relationship layer. 

2 Data and Methodology 

2.1 Sample and Data 

This study examines a fixed pool of 150 actively traded U.S.-listed stocks, mainly from 
NYSE and NASDAQ, over 2013-2025. Candidate stocks are screened for continuous 
trading, sufficient price history, public-information and text coverage, and network 
comparability; the final pool spans different market-capitalization and share-price 
ranges and major sectors. Keeping the same stocks preserves comparable graph nodes 
across the prediction and relationship analyses and makes multi-source text collection 
and timestamp matching feasible. This design may introduce survivorship and liquid-
ity-selection bias, so the findings are interpreted only within the fixed universe rather 
than generalized to the entire U.S. equity market. The dataset contains daily opening, 
high, low and closing prices, trading volume, related technical indicators, anonymized 
investor comments, anonymized financial news, formal SEC/company disclosures and 
Fama-French five-factor data. The platforms are anonymized because the analysis 
compares their informational functions rather than their identities: the text sample 
comprises three investor-comment platforms, three financial-news platforms and offi-
cial disclosures. Seven horizons are examined: 5, 10, 20, 60, 120, 180 and 252 trading 
days. For stock i at date t and horizon h, the forward return is defined as: 
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 Ri,t,t+h = Pi,t+h−Pi,t
Pi,t

 (1) 

where R denotes the forward return of stock i from date t to t+h, and P denotes the 
closing price used to calculate the forward return. 
The chronological split is fixed before final evaluation: 2016-01-04 to 2021-12-31 is 
used for machine-learning fitting, 2022-01-03 to 2023-12-29 for validation and pa-
rameter selection, and 2024-01-02 to 2025-12-31 for final price-model evaluation. Text 
enhancement follows the price-only prediction. For 5d, 10d and 20d, labeled 2024 
observations initialize the fusion pool, and the model is refitted on each 2025 prediction 
date using lagged text; on date t, the latest eligible training observation is t-h for horizon 
h, so its forward label is already complete. For 60d, 120d, 180d and 252d, stock-level 
2024 text snapshots and 2024 probability-scaling statistics are fixed before combina-
tion with 2025 price probabilities. The last eligible 2025 prediction dates are 
2025-12-31 for 5d/10d/20d, 2025-12-18 for 60d, 2025-09-24 for 120d, 2025-06-30 for 
180d and 2025-03-17 for 252d. Prices observed through 2026-03-18 are used only ex 
post to complete these labels and never enter model inputs, fitting, graph construction 
or signal generation. 

2.2 Machine Learning and Text Enhancement 

The baseline prediction layer uses a PatchTST-based time-series classifier to calculate 
the probability of a positive future return for each stock-date-horizon observation. The 
task is a binary directional classification rather than exact price prediction. The model 
uses patch embedding, two encoder layers, four attention heads, a hidden dimension 
of 64, a feed-forward dimension of 128, dropout of 0.1, AdamW, weight decay of 
0.0001, gradient clipping of 1.0, early-stopping patience of 2 and random seed 42. 
Prediction models are selected by validation AUC rather than test performance; 
resampling diagnostics use separately fixed seeds. StandardScaler is fitted on the 
training set, and missing market variables are filled with training-set medians. This 
design follows the PatchTST concept of patch-based long-term time-series modeling 
[9] . Stock market index forecasting over different periods can also be performed 
through horizon-specific modeling in non-stationary financial series [10] . Further re-
search on sequence models indicates that temporal dependencies and incremental 
updates should be specifically considered in stock return prediction [11] . The raw signs 
are 1 if the future return is positive and 0 otherwise. Clean labels eliminate the obser-
vations with very small absolute future returns by using specific quantile cutoffs 
based on the horizon length prior to the final test. Soft clean, utilized for the 180 days 
ahead forecast, includes all observations but assigns less weight to those with small 
returns. The 252 days ahead specification employs raw sign labels and is preliminarily 
tested due to the limited availability of complete prediction dates. Hybrid sentiment 
prediction methods propose combining investor sentiment with deep learning for 
stock return prediction [12] . ESG sentiment studies also show that textual sentiment 
can be integrated with technical indicators [13] . PatchTST settings are fixed before the 
final test and vary by horizon: 30-180-day lookbacks, patch/stride pairs from 4/2 to 
20/10, batch sizes from 96 to 384, learning rates of 0.001 or 0.0008 and 3-4 maximum 
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epochs. Text sources comprise three anonymous investor-comment platforms, three 
anonymous financial-news platforms and SEC/company disclosures. For prediction 
date t, only records available by the previous trading day are used. Each source is 
processed separately by DeBERTa-v3-finance, ModernFinBERT and Stock-
Twits-RoBERTa. Document outputs are aggregated by stock and date into mean sen-
timent, sentiment divergence, seven-day decay, document count and sentiment inten-
sity; zero-valued text features and document count identify no-text days without fu-
ture imputation. These lagged features are combined with the price model's posi-
tive-return probability. Candidate sources, sentiment models, lookback windows and 
source combinations are compared under each horizon protocol. Short-horizon fusion 
is refitted daily on 2025 prediction dates from a 2024 initial pool. For 60d, 120d, 180d 
and 252d, 2024 stock-level mean-sentiment snapshots are held fixed and combined 
with 2025 probabilities standardized using 2024 statistics. Table 1 reports the highest 
observed AUC within these candidate comparisons; the text-specification comparison 
is therefore descriptive rather than a second untouched holdout. No future text or 
unfinished label is used to generate an individual prediction.  

2.3 FF5 Residual Network and Missing Link Definition 

The relationship layer starts from raw daily stock returns and daily Fama-French 
five-factor returns obtained from the Kenneth French Data Library. The datasets are 
aligned by trading date before residual construction. To avoid the lookahead bias of 
full-sample factor regression, factor exposures are not estimated from the full 
2013-2025 sample or from 2024-2025 test outcomes. Instead, each stock's daily excess 
return is regressed on MKT, SMB, HML, RMW and CMA only during the pre-test 
window from 2021-04-05 to 2023-12-29. The estimated intercept and factor loadings 
are then locked before the 2024-2025 test period. For each stock, the daily excess return 
is decomposed as: 

During 2024-01-02 to 2025-12-31, the locked coefficients and same-day factor re-
turns are used to calculate the factor-implied component, and the FF5 residual is the 
realized excess return minus that component. It therefore represents stock-specific 
abnormal movement after common market and style-factor effects are removed. These 
residuals, rather than raw returns or machine-learning probabilities, form the Lead-Lag 
network and Missing Link signals; no 2024-2025 stock returns are used to estimate the 
main FF5 betas. As a separate no-lookahead robustness check, expanding pre-date 
betas are re-estimated using only data available before each test date. Under this al-
ternative residual definition, the 60-day graph-window result remains significantly 
positive, while the 70-day and 120-day results remain positive but are only marginally 
significant at the 10% level. The expanding-beta test therefore supports the medi-
um-window pattern without replacing the fixed pre-test-beta main specification. 

r i,t = α i + β i,MKT MKT t + β i,SMB SMB t + β i,HML HML t + β i,RMW RMW t + β i,CMA CMA t + ε i,t (2) 

where MKT, SMB, HML, RMW and CMA are the Fama-French factor returns, and 
epsilon is the stock-specific residual used for network construction. For each potential 
leader A and follower B, the rolling-window Lead-Lag correlation is: 
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 ρ A→B
(l) =  corr(ε A,t , ε B,t+l ),    l =  1, 2, 3, 4, 5 (3) 

where l denotes the candidate lag between leader A and follower B, and the correlation 
is calculated within the historical rolling graph window. The lag with the largest ab-
solute correlation is selected as the candidate edge. The trading direction is determined 
by the sign of the best residual correlation and the sign of the leader residual shock: 

 Direction =  sign(best_corr)  ×  sign(leader_z) (4) 

where the direction combines the sign of the selected residual correlation with the sign 
of the leader's residual shock. Missing Link is a delayed-reaction test rather than proof 
of structural causality. At each graph-update date, the preceding historical window is 
used to estimate lagged FF5-residual relationships; the strongest 1,000 candidate edges 
are retained, the graph is refreshed every 20 trading days and is applied only to the 
following 20 trading dates. On each signal date, the strongest 50 available edges are 
checked under a no-sign-flip filter. A signal formed after the close requires an absolute 
60-day standardized leader-residual z-score of at least 2.5, an absolute follower z-score 
no greater than 0.25, and a direction-aligned lagged formal-disclosure score above 
zero. That score combines sentiment acceleration, intensity and document count with 
weights 0.55, 0.30 and 0.15. Follower returns are measured from the next trading day 
over 1d, 2d, 3d, 5d or 7d. Graph construction, text confirmation and signal triggering 
never use future residuals, returns, text or edges. 

Here, z denotes the rolling standardized FF5 residual. Missing Link is a sparse 
event-window filter for delayed follower responses rather than a classifier or causal 
model. It is therefore evaluated with cost-adjusted returns, active-day win rates, 
mark-to-market performance, benchmark and factor diagnostics, bootstrap and placebo 
tests, and no-lookahead audits instead of AUC. 

3 Empirical Results 

3.1 Text-enhanced Prediction Results 

Table 1 reports 2025 ROC-AUC ablation results for the baseline machine-learning and 
text-enhanced models on exactly the same stock-date observations within each horizon. 
Uplift therefore measures the text increment rather than a sample-composition change. 
Text improves ROC-AUC at every horizon; the largest uplift occurs at 120 days, while 
the 252-day result remains exploratory. 

The text effect varies by source and horizon. Candidate sources, sentiment models, 
lookback windows and source combinations are compared under the applicable pro-
tocol. The highest-observed 5d, 10d and 20d specifications are comment-based and use 
ModernFinBERT with 60d, 20d and 60d text windows, respectively. For 60d, 120d and 
180d, the highest-observed specifications combine comments with formal disclosures, 
use StockTwits-RoBERTa and fix 2024 mean-sentiment snapshots before 2025 eval-
uation. Rank IC, Precision@Top10% and Top-Bottom Spread lead to conclusions 
consistent with ROC-AUC, indicating improved ranking as well as directional classi-
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fication. The 252d result remains exploratory because complete one-year labels are 
limited. Investor-attention studies suggest that investor-generated discussions can 
reflect short-term market attention [14] . Multi-source sentiment studies show that 
stock-return effects can vary across information sources [15] . 

Table 1. Ablation results evaluated by ROC-AUC under different information inputs 

Horizon Protocol N Baseline 
ML AUC 

Text-enhanced 
ML AUC Uplift Evidence 

Role 

5d clean + daily refit 15,019 0.5235 0.5381 +0.0146 Supporting 
Evidence 

10d clean + daily refit 18,724 0.5274 0.5359 +0.0084 Supporting 
Evidence 

20d clean + daily refit 18,812 0.5339 0.5741 +0.0402 Supporting 
Evidence 

60d clean + 2024 snapshot 17,334 0.5578 0.5898 +0.0321 Supporting 
Evidence 

120d clean + 2024 snapshot 17,674 0.5715 0.6260 +0.0545 Supporting 
Evidence 

180d soft clean + 2024 snapshot 18,300 0.5144 0.5552 +0.0408 Supporting 
Evidence 

252d raw sign + 2024 snapshot 7,500 0.5606 0.6003 +0.0397 Exploratory 

3.2 Missing Link Delayed Reaction Results 

Table 2. Missing Link results under walk-forward rolling graph construction 

Graph 
window 

Follower 
period Trades Active 

days 
Net active-day 

mean Win rate p-value Evidence Role 

40d 7d 48 42 1.218% 66.67% 0.0236 Short-medium 
support 

50d 3d 52 42 0.770% 57.14% 0.0455 Short-medium 
support 

60d 5d 63 50 1.360% 68.00% 0.0048 Main evidence 

60d 7d 63 50 1.426% 72.00% 0.0087 Main evidence 

70d 5d 61 50 1.306% 58.00% 0.0278 Robust main 
evidence 

70d 7d 61 50 1.409% 64.00% 0.0223 Robust main 
evidence 

120d 5d 38 31 2.084% 67.74% 0.0202 Low-frequency 
support 

180d 1d 39 35 0.129% 57.14% 0.3439 Boundary check 

252d 1d 30 25 0.297% 52.00% 0.2185 Boundary check 
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Table 2 reports representative dynamic walk-forward specifications from the complete 
65-specification short-follower grid, including its strongest, supporting and boundary 
windows. 

In Table 2, Trades is the number of activated Missing Link signals, Active days 
counts dates with at least one signal, Net active-day mean is the 25-bps cost-adjusted 
mean return on active days, and Win rate is the share of positive active days. The 
p-value is the one-sided bootstrap probability of a nonpositive active-day mean; smaller 
values indicate stronger evidence of a positive mean but do not establish a permanent or 
causal relationship. Graph forecasting research supports the use of inter-stock network 
information in stock return prediction [16] . Dynamic routing graph attention supports 
adaptation to changing stock relationships [17] . Dynamic hypergraph studies support 
higher-order relationships [18] . Dynamic graph-learning research further supports 
time-varying relationships [19] . 

To avoid showing only the best parameter pair, the diagnostic grid combines 13 
graph windows (20, 30, 40, 50, 60, 70, 80, 90, 100, 110, 120, 180 and 252 days) with 
1d, 2d, 3d, 5d and 7d follower periods, giving 65 dynamic walk-forward specifications. 
Of these, 50 have positive active-day means, 11 have unadjusted p-values below 5% 
and 21 below 10%. Evidence is concentrated in the 40-70-day family: all 20 specifi-
cations are positive, with 9 below 5% and 11 below 10%. The 60-70-day windows are 
the strongest representatives in Table 2; 120 days provides low-frequency support, 
whereas 20-30 and 180-252 days do not support the main pattern. Missing Link is 
therefore interpreted as a short-to-medium dynamic Lead-Lag pattern rather than an 
isolated best-pair result. 

3.3 Robustness, Portfolio Validation, and No-lookahead Checks 

Table 2 shows the active-day returns after a 25 basis point transaction cost. The re-
verse-direction placebos yield negative results and the median values of the random 
directions are near zero, whereas the no-lookahead audit indicates that the graph esti-
mation, formal-text confirmation and signal activation rule out the use of future in-
formation. Since the strategy possesses sparse and event-driven features, the trading 
intensity is assessed by the number of trades and active days instead of the daily 
turnover rate. The FF5 residual calculation and FF5-alpha diagnostics are employed to 
examine the exposure to common factors, and the ETF-benchmark diagnostics are 
compared with the market. Considering that various models have been analyzed, these 
row-level p-values should be considered in conjunction with the block bootstrap, 
placebo and multiple testing diagnostics rather than being treated as single confirming 
tests. In the fixed-year assessment, the graph window, follower period and related 
signal rules are determined based on the 2024 data and are then kept unchanged for use 
in the 2025 holdout sample. The holdout evidence for the year 2025 is weaker; only 33 
out of 65 specifications have positive active-day means, none achieve the 5% signifi-
cance level, one has an unadjusted p-value less than 10%, and two are close to the 10% 
level. This result is consistent with the time-varying Lead-Lag relationships and may 
explain the stronger performance of the dynamic walk-forward updating compared 
with a fixed annual specification. 
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4 Discussion 

Machine-learning prediction probabilities are informative but should not be interpreted 
as stand-alone trading signals, especially over short horizons. Prior research shows that 
predictive variables may contain return information, risk exposure and factor structures 
at the same time [20] . Latent-factor methods support extracting return-predictive signals 
from many original predictors [21] . Because factor performance can vary over time and 
depend on factor definition, the short-, medium- and long-horizon results are inter-
preted separately [22] . 

Investor-comment platforms mainly attract short-term interest, formal disclosures 
support confirmation over a medium and long period, and news texts explain the 
background of the events. Some recent studies indicate that large language models 
might enhance the understanding of financial texts, though this research does not apply 
LLMs for prediction directly [23] . Recent evidence evaluates LLM-based stock-return 
signals using news headlines beyond the model's knowledge cutoff [24] . The Missing 
Link layer is based on events rather than a general classifier. Although it provides 
positive but less strong evidence for the year 2025, it also suggests that the detected 
relationships change with time; therefore, this layer should be used as a deci-
sion-support tool instead of being considered a permanent structural or causal model. 

5 Conclusion 

This study proposes a two-layer framework for stock-return direction prediction and 
delayed cross-stock response detection. The first layer combines PatchTST price pre-
diction with multi-source financial text and improves ROC-AUC at every horizon, with 
the largest uplift at 120 days; the 252-day result is exploratory. Comments contribute 
more at short and short-to-medium horizons, whereas comments combined with formal 
disclosures are more stable at medium and long horizons. The second layer builds 
dynamic Lead-Lag networks from FF5 residuals and identifies Missing Link opportu-
nities. Representative results occur in 60-70-day graph windows with 5-7-day follower 
periods, while the complete grid concentrates broader positive evidence in 40-70-day 
windows. Cost, placebo, bootstrap, multiplicity and no-lookahead checks support a 
cautious decision-support interpretation; weaker 2025-only significance indicates time 
variation rather than permanent causality. Future work may examine larger or period-
ically reconstituted stock universes, adaptive graph updating and founda-
tion-model-based text representations. 
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