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ABSTRACT

ACCOMPANYING CONTENT

PURPOSE This study aims to improve survival modeling in head and neck cancer (HNC) by @ Appendix
integrating patient-reported outcomes (PROs) using dimensionality reduction o Data Sharing
techniques. PROs capture symptom severity across the treatment timeline and Statement

offer key insights for personalized care. However, their high dimensionality
poses challenges such as overfitting and computational complexity. This work
focuses on transforming and incorporating PRO data to enhance model per-
formance in HNC.
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MATERIALS
AND METHODS

We analyzed retrospective data of 923 patients with HNC treated at the Uni-
versity of Texas MD Anderson Cancer Center between 2010 and 2021. Baseline
clinical data including demographic, treatment, and disease characteristics
were used to build a reference survival model. PRO data, capturing symptom
ratings, were integrated using dimensionality reduction techniques: principal
component analysis (PCA), autoencoders (AEs), and patient clustering. These
reduced representations, combined with clinical data, were input into Cox
proportional hazards models to predict overall survival (OS) and progression-
free survival (PFS). Model performance was assessed using the concordance
index, time-dependent AUC, Brier score for calibration, and hazard ratios for
predictor significance.

RESULTS Cox models incorporating PCA and AE outperformed the clinical-only reference
model for both OS and PFS. The PCA-based model achieved the highest C-
indices (0.74 for OS and 0.64 for PFS), followed by the AE model (0.73 and 0.63)
and the clustering model (0.72 and 0.62). Time-dependent AUCs reinforced
these results, with PCA showing the highest average AUC over 36 months. All
models were well-calibrated, with low Brier scores. Key predictors included age,

disease stage, and tumor subsite.

CONCLUSION Dimensionality reduction techniques improve survival prediction in patients

with HNC by effectively incorporating PRO data, potentially providing greater

o . . . Creative Commons Attribution
insights into more personalized treatment strategies. v Dy

Non-Commercial No Derivatives
4.0 License

INTRODUCTION

Head and neck cancers (HNCs) are malignant neoplasms
arising in the nasal cavity, sinuses, lips, mouth, salivary
glands, throat, or larynx. Despite advances in treatment,
patients face high risk of recurrence or death."? According to
the National Cancer Institute, an estimated 16,000 people in
the United States are projected to die of HNC in 2024.3

Overall survival (0OS) is the time from diagnosis or the start of
treatment to death,* whereas progression-free survival
(PFS) measures the time from treatment initiation to disease
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progression or death,' providing an earlier indicator of
treatment efficacy. Both metrics inform treatment planning®
and are central to oncology research.5’

Identifying factors influencing OS and PFS is complex be-
cause of interactions among clinical characteristics, disease
features, and treatment variability.® Traditional models rely
on these variables,>®'° but research shows that models
integrating patient-reported outcomes (PROs) perform
better. One study reported an increase in the concordance
index (C-index) of OS models from 0.62 to 0.69 with PRO
integration. PRO-based models also identified the American
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CONTEXT

Key Objective

Can patient-reported outcomes (PROs) be effectively integrated into survival models for head and neck cancer (HNC) using
dimensionality reduction techniques to improve predictive performance?

Knowledge Generated

This study shows that dimensionality reduction techniques such as principal component analysis and autoencoders
effectively integrate PRO data into survival models, enhancing prediction accuracy in HNC. Models incorporating PROs

outperformed those using clinical data alone.

Relevance (F.P.-Y. Lin)

PRO contain essential prognostic information, but their high-dimensional complexity has often limited their integration into
clinical survival models. This study demonstrates that dimensionality reduction techniques can effectively harness this
patient-centred data to create more accurate prognostic tools, enabling better decision-making and personalised treatment

planning in the care of cancer patients.*

*Relevance section written by JCO CCI Deputy Editor Frank Po-Yen Lin, MBChB, PhD, FRACP, FAIDH.

Joint Committee on Cancer (AJCC) stage, age, and PROs as
key OS predictors in patients with HNC.®

PROs are questionnaires that assess symptom severity be-
fore, during, and after treatment and offer valuable insights
for personalized care and clinical decisions.** However, their
high dimensionality, multicollinearity, and noise pose
challenges for survival modeling, including overfitting and
high computational complexity.**> Robust transformation
methods are needed to enhance their predictive utility. While
some models use PRO-based clusters as survival predictors,
this approach has limitations; symptom patterns evolve over
time, and cluster assignments may vary across cohorts,
reducing consistency.®

A promising approach for integrating PROs into survival models
involves dimensionality reduction techniques such as principal
component analysis (PCA) and autoencoders (AEs), which
compress high-dimensional data into lower-dimensional
forms, reducing noise while preserving key features.”

We evaluated survival models that incorporated low-
dimensional PRO representations from PCA and AE along-
side clinical variables. Additional models used PRO-based
cluster labels as predictors, and a baseline model included
only clinical variables. OS and PFS were used as outcomes.

Our results demonstrate that incorporating PROs through
dimensionality reduction enhances predictive performance
in survival modeling.

In summary, the contributions of this study are as follows:

e We propose methodology to integrate PRO into OS and PFS
models using dimensionality reduction, specifically PCA
and AE.
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e We evaluate this method against the one that incorporates
PROs through symptom severity clusters derived from
patient stratification and another that relies solely on
clinical variables without PROs.

e We show improved predictive performance and ro-
bustness in survival analysis compared with traditional
approaches.

Related Work

Deep learning models, especially recurrent neural networks
and their variants such as the long short-term memory
(LSTM) and bidirectional LSTM, have been used to predict
long-term symptom severity from previous PRO ratings.®4
Statistical methods, such as group-based trajectory mod-
eling, also effectively capture heterogeneous symptom
trajectories.” These approaches support the design of long-
term personalized symptom management strategies in
HNC.®*« However, the best approach to integrate PROs into
clinical decision making remains largely unexplored.

Dimensionality reduction techniques, such as PCA and AE
models, have been widely used in biomedical research to
manage high dimensionality in data.*

PCA is a linear technique that reduces dimensionality by
transforming data into orthogonal components while pre-
serving variance.”? It has been widely used in oncology,
particularly for clinical and imaging data. In HNC, PCA has
been applied to improve tumor detection in positron
emission tomography scans of recurrent cases'” and used to
address multicollinearity in quality-of-life metrics to
identify key survival-related components and hospitaliza-
tion risks'® and to analyze dose-volume histograms to reveal
components linked to radiation-related complications.*
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However, the linear nature of PCA may limit its ability to
capture complex and nonlinear relationships that may exist
in longitudinal PRO data.*®

By contrast, AEs are neural networks that capture nonlinear
patterns in high-dimensional data by learning compressed
latent representations that retain essential information while
reducing noise. AEs are increasingly used in oncology for dis-
ease classification, imaging, and survival prediction.> In HNC,
AEs have been used to improve distant metastasis prediction by
integrating multimodal radiomic features into unified repre-
sentations* and enhanced organ-at-risk segmentation by
generating latent features that boost accuracy, eliminate
postprocessing, and support multiorgan segmentation.>

Despite their promise, PCA and AE have been underutilized
for PRO data. We propose an approach that applies these
techniques to compress longitudinal PROs into low-
dimensional representations. These components are then
integrated with clinical variables into OS and PFS prediction
models.

MATERIALS AND METHODS

The following sections describe the methodology used in the
study, with an overview provided in Figure 1.

Data

We analyzed data from 923 patients with HNC treated at the
MD Anderson Cancer Center (2010-2021). Clinical variables
were extracted from physician-completed records and in-
cluded demographics (age, sex, smoking), disease or diag-
nostic characteristics (tumor subsite, T/N stage per AJCC 8th
edition), and treatment indicators including induction

chemotherapy (IC), concurrent chemotherapy (CC), and
neck dissection surgery. Attributes with more than 99%
homogeneity, for instance, radiation therapy receipt, M
stage 0, and human papillomavirus—positive were excluded.
Numerical variables such as age were min-max normalized
to ensure uniform scaling.>*

Categorical variables with <10% patient representation were
merged for robustness. T stage was grouped into early (To-
T2) and late (T3, T4), and similarly N stage into No, N1 and
N2, N3. Tumor subsites other than base of tongue and tonsil
were grouped into an “Other” category.

PROs were derived from patient self-reported symptom
ratings which were collected using the MD Anderson
Symptom Inventory (MDASI-HN questionnaire. Patients
scored 28 symptoms from 0 (“not present”) to 10 (“as bad as
you can imagine”). Data were collected at five time points:
before treatment (baseline), end of treatment, and post-
treatment follow-ups at week 6, month 3, and month 12.
MDASI-HN symptoms are grouped into general cancer, HNC-
specific, and six interference items. However, this study
focused on the 22 general and HNC-specific symptoms, ex-
cluding the interference symptoms because of their strong
correlation with others, which could introduce redundancy
and reduce model accuracy and interpretability.®*® Appendix
Figure A1 presents the 22 symptoms analyzed in this study.

Finally, as with other longitudinal data sets based on patient
responses, PROs often contain missing values because of
incomplete responses, data capture issues, or dropout. Ex-
cluding patients with missing data can introduce bias as
these individuals may differ systematically from the broader
cohort, limiting generalizability.?> To mitigate this, we in-
cluded patients who rated all 22 symptoms at least once,
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FIG 1. Overview of the study methodology, including data preprocessing, dimensionality reduction techniques (PCA and AE),
clustering approach, Cox proportional hazards model (Cox model), and Results sections. AE, autoencoder; CC, concurrent che-
motherapy; C-Index, concordance index; HR, hazard ratio; IC, induction chemotherapy; PCA, principal component analysis; PRO,

patient-reported outcome.
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even if they did not complete all time points, including those
who died or dropped out before the end of follow-up.

To impute missing values, we used a symptom-based col-
laborative filtering method, which estimates missing PROs
by leveraging intersymptom similarities via Pearson cor-
relation.?® This method has outperformed traditional ap-
proaches such as multiple imputation by chained equations,
k-nearest neighbor, and linear interpolation in similar
MDASI-HN data sets.?627

This retrospective study is covered under the MD Anderson
Institutional Review Board (IRB) protocol RCR-003-0800. In
compliance with the Health Insurance Portability and Ac-
countability Act, informed consent was waived and approved
by the IRB as all analyses were performed over retrospective
anonymized data.

Dimensionality Reduction

PCA and AE are used independently to reduce PRO data into
principal and latent components, respectively, whereas
clustering grouped patients into low and high PRO categories.

PCA

PCA used singular value decomposition to extract orthogonal
components ranked by explained variance, enabling efficient
dimensionality reduction by capturing the most informative
features.”®

AE

The AE architecture is an encoder-decoder design with a
central bottleneck layer.’* The encoder includes four dense
layers: two with linear activations, one with rectified linear
unit activation, and a final sigmoid layer. Input dimensions
match the PRO data, and batch normalization between layers
improves stability, reduces overfitting, and speeds up con-
vergence.” The decoder mirrors the encoder’s structure to
effectively reconstruct the input from the latent space. The
AE is trained to minimize mean squared error (MSE) between
input and output using the Adam optimizer with a learning
rate of 0.001 and a 20% internal validation to monitor
performance. The complete AE architecture is shown in
Appendix Figure A2.

Patient Clusters

The clustering of patients was performed based on their
symptom ratings using hierarchical clustering, with Euclidean
distance as the similarity measure and the Ward method as the
linkage function, following the approach in a previous study.®

Survival Analysis

We used Cox proportional hazards models to evaluate the
relationship between survival outcomes (OS/PFS) and predictor
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variables across several configurations: clinical-only, clinical
plus PCA or AE components, and clinical plus symptom cluster
labels.

Models were unregularized to allow clear interpretation of
predictor effects. OS and PFS were modeled separately, with
survival time in months. OS used a dead/alive event flag,
whereas PFS included death or recurrence as events.

Evaluation

An 80/20 train-test split with five-fold cross-validation
stratified by survival outcomes was used for robust evalu-
ation. Missing values were imputed separately for train and
test sets. To assess imputation accuracy, about 5% of ob-
served symptom ratings were randomly held out and root
mean squared error (RMSE) was computed between imputed
and true values.>®

To standardize PCA and AE transformations and reduce
temporal variability, each symptom was treated as a single
feature by aggregating its ratings across all time points and
patients.

For both PCA and AE, models were fitted to the training set
and applied to both training and testing sets for dimen-
sionality reduction. A single principal component and one
latent dimension were retained for PCA and AE for simplified
interpretability, respectively. These representations were
then used as inputs to the Cox model.

In the clustering approach, the training set was clustered
first, and then the cluster labels were applied to classify
patients in the testing set. This ensured consistent clustering
and minimized instability from small test sets. Thus, pa-
tients in both sets were stratified into low and high symptom
severity groups.

Dimensionality reduction can hinder interpretability by
obscuring links between original features and reduced di-
mensions.?' To clarify this, we derived stratifications from
the transformed spaces, identifying two latent clusters and
analyzing their symptom ratings. We also compared these
with clusters from the original PRO data, providing insight
into how the reduced dimensions align with original
features.

The survival evaluation focused on data available at diag-
nosis, including clinical and baseline PRO. Models were
assessed for discrimination and calibration. Discrimination
was measured using the average C-index at 12 months post-
treatment and the time-dependent AUC over 36 months
(starting 12 months postdiagnosis, evaluated every 6
months). Calibration was assessed using the average Brier
score at 12 months, measuring the difference between
predicted and actual outcomes for event-free individuals.
C-index, AUC, and Brier scores range from 0 to 1; higher
C-index and AUC indicate better discrimination, whereas
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lower Brier scores indicate better calibration.3>33 Predictor
significance in Cox models is reported as hazard ratios (HRs).

RESULTS
Data

Table 1 summarizes the clinical characteristics, survival
outcomes, and baseline symptom clusters of the cohort of 923
patients. The median age was 60 years; 90.9% were male, and
43.55% were smokers. Most patients were diagnosed with
tumor locations at the base of tongue or tonsils (90%), with
70% diagnosed at early T (To-T3) and N (No, N1) stages.
Treatments received included CC (72.05%), IC (18.42%), and
neck dissection (15.49%).

The median OS and PFS were both 35 months, with 8.56%
deceased and 15.6% experiencing disease recurrence or death.
Two baseline symptom burden clusters were identified: low
(78.76%) and high (21.24%). Cluster distributions reflected the
overall cohort. Significant associations were observed between
clusters and T stage, OS, and PFS (P values < .001), with marginal
associations for other variables (P value = .0069-.9730).

Considering the rate of missing values in the PRO data, the
details on PRO completion by the patients are provided in
Appendix Figure A3, which shows the number and propor-
tion of patients with complete, partial, or missing symptom
ratings at each time point. At baseline, 751 of 923 patients
rated all 22 symptoms, 39 provided partial ratings, and 134
gave none. Week 6 had the greatest missingness, with only

TABLE 1. Patient Distribution of Clinical Data and Survival Outcomes for the Entire Cohort and Stratified Distribution by Baseline PRO-Based

Cluster Labels

All Patients Low Symptom Cluster High Symptom Cluster
Attribute Category (N = 923, 100%), No. (%) (n = 727, 78.76%), No. (%) (n = 196, 21.24%), No. (%) P
Demographics
Age, years Median (25%-75%) 60 (54-67) 61 (54-67) 0 (55-66) -
Sex Male 839 (90.9) 671 (92.30) 168 (85 71) .0069
Female 84 (9.1) 56 (7.70) 28 (14.29)
Smoking Smoker 402 (43.55) 305 (41.95) (49 49) .0707
Nonsmoker 521 (56.45) 422 (58.05) 9 (50.51)
Disease specifics
Site of tumor BOT 427 (46.26) 335 (46.08) 2 (46.94) 9730
Tonsil 423 (45.83) 334 (45.94) (45 41)
Other 73 (7.97) 58 (7.98) 5 (7.65)
T stage TO 56 (6.07) 50 (6.88) 6 (3.06) <.001
T 300 (32.50) 252 (34.66) 48 (24.49)
T2 332 (35.97) 266 (36.59) 66 (33.67)
T3 140 (15.17) 101 (13.89) 9 (19.90)
T4 95 (10.29) 58 (7.98) (18 88)
N stage NO 69 (7.48) 55 (7.57) 4(7.14) .0436
N1 614 (66.52) 497 (68.37) 117 (59.69)
N2 217 (23.51) 156 (21.46) 61 (31.12)
N3 23 (2.49) 19 (2.6) 4 (2.04)
Treatment specifics
cC Yes 665 (72.05) 520 (71.53) 145 (73.98) 5556
No 258 (27.95) 207 (28.47) 51 (26.02)
IC Yes 170 (18.42) 130 (17.88) 40 (20.41) 4802
No 753 (81.58) 597 (82.12) 156 (79.59)
Neck dissection Yes 143 (15.49) 122 (16.78) 21 (10.71) .0486
No 780 (84.51) 605 (83.22) 175 (89.29)
Outcomes
0S Median (25%-75%) 35 (16-53) 35 (17-54) 32 (14-48) -
Alive 844 (91.44) 680 (93.35) 164 (83.67) <.001
PFS Median (25%-75%) 35 (16-52) 35 (17-54) 2 (14-48) =
Progression-free 779 (84.40) 630 (86.66) 149 (76.02) <.001

|
Abbreviations: BOT, base of tongue; CC, concurrent chemotherapy; IC, induction chemotherapy; 0S, overall survival; PFS, progression-free survival;

PRO, patient-reported outcome.
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479 patients providing complete responses and 403
providing none.

The pattern of missing data and the corresponding imputation
performance across time points are summarized in Appendix
Figure A4. The missing rate was about 15% at baseline, 35% at
the end of treatment, and between 30% and 44% from week 6
to month 12. Imputation RMSE values were lowest at month 12
(1.563), month 3 (1.576), and baseline (1.589).

In terms of symptom severity, at baseline, pain, fatigue,
sleep issues, and distress had the highest average severity
ratings, whereas nausea, shortness of breath, vomiting, and
skin symptoms were rated lowest. The details are provided in
Appendix Figure As5.

Dimensionality Reduction

The distributions of PRO components derived from PCA and
AE are examined to compare their patterns. Both sets of
components were scaled to [0, 1] for easier comparison. The
PCA components exhibit a broader spread, with most values
clustered below 0.4, reflecting variance captured by the first
principal component. By contrast, the AE components are
more narrowly concentrated, with values tightly grouped
below 0.1 or above 0.8. This supplementary comparison is
illustrated using the swarm plot in Appendix Figure A6.

Figure 2 shows HNC-specific symptom severity grouped
by clusters from PCA- and AE-transformed and PRO-based
data. PCA and PRO clusters provided much clearer separation

of low and high symptom burden levels than the AE clusters.
Among the cohort, 159 were classified as high in the PCA
clusters, 190 in the AE clusters, and 196 in the PRO clusters,
showing similar overall compositions.

Consistent with overall severity patterns shown in Appendix
Figure A5, symptoms such as dry mouth, mucus, swallow-
ing, choking, voice, constipation, and mucositis remained
relatively severe across both clusters, whereas skin and teeth
symptoms were consistently mild.

Survival Analysis

Figures 3A and 3B shows average C-indices with 95% ClIs
for Cox models predicting OS and PFS. The reference model
(clinical variables only) consistently had the lowest
C-indices across training and testing. Adding PRO data
improved discrimination. Among dimensionality reduction
methods, PCA performed best (C-index: 0.74 OS, 0.64 PES),
followed by AE (0.73 0S, 0.63 PFS). Clustering by symptom
severity also performed well (0.72 OS, 0.62 PFS).

Figure 4 shows time-dependent AUCs evaluated 12-36 months
postdiagnosis at 6-month intervals for Cox models pre-
dicting OS. The PCA-based model had the highest average
AUC (0.79), followed by AE and clustering. The reference had
the lowest average AUC (0.72). Similar trends were observed
for PFS.

Appendix Figures A7A and A7B shows average Brier scores
with 95% ClIs for OS and PFS, respectively. All models had low

PCA cluster AE cluster PRO cluster
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FIG 2. Box plot of stratified symptom severity: comparison across PCA, AE, and PRO-derived clusters for head and neck—specific symptoms.
AE, autoencoder; PCA, principal component analysis; PRO, patient-reported outcome.
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FIG 3. Average C-index with 95% Cls over five-fold cross-validated cox model evaluations for (A) OS and (B) PFS across training and testing sets.
AE, autoencoder; C-index, concordance index; 0S, overall survival; PCA, principal component analysis; PFS, progression-free survival.

scores, indicating good calibration. The clustering model
slightly outperformed others for OS, whereas the reference
model had a slightly better score for PFS.

Overall, the results underscore the value of incorporating
PRO in survival models and show consistent training/testing
trends, which suggest good generalization.

Figure 5A shows HRs for OS using the reference model,
whereas Figure 5B shows hazard ratios for the model in-
cluding the PRO PCA component. In the reference model,
age, advanced T stage (T3, T4), and tonsil tumor site were
associated with higher mortality, whereas female sex and
neck dissection were associated with lower risk. With PCA

included, the PRO PCA component was the strongest pre-
dictor of mortality. Similar trends are observed for PFS in
Appendix Figures A8A and AS8B.

DISCUSSION

This study demonstrates the value of integrating PRO into
survival models for HNC. Using dimensionality reduction
techniques such as PCA and AE and clustering, we combined
PRO with clinical data for incorporation into survival models.
PCA consistently outperformed others, achieving the highest
C-indices for OS and PFS, suggesting that it captures key PRO
patterns while reducing noise. AE showed competitive but
slightly lower performance, indicating usefulness where

—@— Reference
0.850 ®- PCA
—@— AE
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FIG 4. Time-dependent AUC evaluating Cox model performance over 36 months, assessed every
6 months starting from 12 months postdiagnosis for 0S. AE, autoencoder; 0S, overall survival, PCA,

principal component analysis.
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FIG 5. 0S: comparison of HR for model predictors between (A) the reference model (clinical variables only) and
(B) the model incorporating PRO data. BOT, base of tongue; CC, concurrent chemotherapy; HR, hazard ratio; IC,
induction chemotherapy; OS, overall survival; PRO, patient-reported outcome.

nonlinear relationships matter. Clustering by symptom
burden also provided reasonable predictive power, offering a
practical alternative for clinical use.

In addition to the C-index, we assessed model discrimina-
tion over time using time-dependent AUC, measuring how
well models distinguish patients with events from those who
are event-free. The PCA-based model had the highest av-
erage AUC across follow-up, followed by AE and cluster
models, confirming PCA’s superior discrimination with PRO
features.

Model calibration was assessed using the average Brier score
at 12-36 months post-treatment. All models showed low
scores, indicating good calibration. The clustering model
performed best for OS, whereas the reference model had the
lowest score for PFS. These results suggest that all models
were well-calibrated despite differences in discrimination.

HR analysis showed PCA-transformed PRO components as
key predictors of mortality and progression, outweighing
clinical variables. This highlights the value of including PRO
data in survival models. Remarkably, minimal components:
one PCA component, one AE latent dimension, or two
clusters, effectively captured PRO complexity and out-
performed models without PRO data, demonstrating effi-
cient dimensionality reduction without loss of predictive
power.

Akey challenge is the interpretability of transformed features,
which can obscure relationships between original PRO vari-
ables and reduced components. To address this, we used
cluster-based stratifications and analyzed symptom severity
across clusters, revealing clearer alignment with original PRO
data especially in PCA-derived clusters. This supports PCA’s
ability to capture meaningful PRO information. Although AEs

8 | © 2025 by American Society of Clinical Oncology

can model more complex patterns, their training requires
extensive hyperparameter tuning and architecture selection,
complicating efficient model optimization.

The strong performance of PCA suggests that simple linear
methods may be sufficient for modeling PRO data, aligning
with previous findings on longitudinal PROs.>®

The analysis of OS and PFS offered complementary per-
spectives on patient outcomes: OS captured overall mor-
tality, whereas PFS served as an earlier indicator of disease
progression and treatment efficacy. Clinical factors like age,
tumor stage, and disease stage were consistently significant
for both outcomes. Incorporating PRO data particularly via
dimensionality reduction added nuance by highlighting
symptom severity as a key survival predictor. These findings
underscore the value of integrating PROs into clinical models
to improve prognostication and support personalized
treatment planning.

In survival risk modeling, dynamic prediction methods such
as joint modeling and landmarking update time-to-event
predictions using longitudinal data like PROs.3*3* By con-
trast, our approach models survival using only PROs and
clinical covariates available at diagnosis or before treatment.
This enables early, proactive patient care with minimal data.
While complementary to dynamic models, our framework
highlights the utility of transformed baseline PROs within
traditional survival models and provides a foundation for
future integration of longitudinal PRO data.

In conclusion, this study highlights the value of integrating
PROs into survival models, with PCA proving especially ef-
fective. Future work should further investigate the rela-
tionships between PROs, OS, and PES to enhance and inform
patient care.
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APPENDIX 1. SUPPLEMENTARY MATERIALS
Symptom Category

Appendix Figure AT shows the MD Anderson Symptom Inventory general cancer- and
head and neck cancer—specific symptoms considered in this study.

Autoencoder Architecture

The complete autoencoder (AE) architecture showing the linear, rectified linear unit
and sigmoid layers with batch normalization layers and node dimensions is shown in
Appendix Figure A2. The figure shows the optimal AE architecture chosen after grid
search over the number and types of activation layers.

Patient-Reported Outcome Missing Rate and Imputation
Performance
The details on patient-reported outcome (PRO) completion rates are provided in

Appendix Figure A3, which presents the number and proportion of patients with
complete, partial, or missing symptom ratings at each time point.

The pattern of missing data and the corresponding imputation performance across
time points are shown in Appendix Figure A4.

General cancer Head and neck cancer

/ﬁ,fmigue, nausea, \\ Dry mouth, mucus,

/ sleep, distress, \ swallow, choke,
“‘ shortness of breath (SOB), “ voice, skin,

| memory, appetite, | constipation, taste,
\ drowsiness, sadness, / mucositis, teeth

aness, vomit/ /
FIG A1. Symptoms from the MDASI-HN questionnaire cat-
egorized into general cancer symptoms and HNC-specific

symptoms. HNC, head and neck cancer; MDASI-HN, MD
Anderson Symptom Inventory; SOB, shortness of breath.

Symptom Severity at Baseline

Appendix Figure A5 illustrates the distribution of symptom severity ratings at
baseline.

Dimensionality Reduction

Appendix Figure A6 shows the distribution of principal component analysis
(PCA)- and AE-transformed PRO data, both scaled to [0, 1] for comparability.

Brier Scores for Overall Survival and Progression-Free
Survival

Appendix Figures A7A and A7B shows average Brier scores with 95% Cls for overall
survival and progression-free survival (PFS), respectively.

PFS Model Hazard Ratios

Appendix Figure A8A shows hazard ratios (HRs) for PFS using the reference model,
whereas Appendix Figure A8B shows HRs for the model including the PRO PCA
component.
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FIG A2. AE architecture for dimensionality reduction, featuring linear, ReLU, and sigmoid activation functions with batch normalization
applied between activation layers. The node dimensions for both the encoder and the decoder are specified. AE, autoencoder; PRO, patient-

reported outcome; ReLU, rectified linear unit.
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component analysis; PRO, patient-reported outcome.
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FIG A7. Average Brier score with 95% Cls over five-fold cross-validated Cox model evaluations for (A) OS and (B) PFS across the testing sets.
AE, autoencoder; 0S, overall survival; PCA, principal component analysis; PFS, progression-free survival.
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FIG A8. PFS: comparison of HR for model predictors between (A) the reference model (clinical variables only) and
(B) the model incorporating PRO data. BOT, base of tongue; CC, concurrent chemotherapy; HR, hazard ratio; IC,
induction chemotherapy; PFS, progression-free survival; PRO, patient-reported outcome.
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