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Lymph node spread is one of the strongest signs of poor outcome in head and
neck squamous cell carcinoma, and small nodal deposits are often missed
before surgery. This study is a benchmark that asks whether adding DNA
methylation, copy number and protein data to RNA sequencing improves
prediction of pathological node status from the primary tumour, and whether
the way the layers are joined matters. We used 416 tumours from The Cancer
Genome Atlas, of which 242 were node positive. Six data combinations were
tested with three fusion strategies (early fusion of all features, latent fusion of
autoencoder codes, and decision fusion of single layer models) and six model
families: logistic regression, support vector machine, random forest, XGBoost,
a multilayer perceptron and MO-LSFN, a deep model that places normalised
autoencoder codes on a 32 by 32 map and classifies it with a wide residual
network. All 76 models used the same fivefold cross validation, and every step
that learns from data was fitted on training patients only. The main result is
negative. Areas under the receiver operating characteristic curve ranged from
0.555 to 0.649. Logistic regression on RNA sequencing alone reached 0.609,
and the best model, decision fusion with logistic regression on all four layers,
reached 0.649 (95% confidence interval 0.591 to 0.705), a difference that was
not significant. Adding layers changed the mean score by less than 0.01, and
latent fusion was only slightly better than early fusion. A model using clinical
variables alone reached 0.579. MO-LSFN gained the most from extra layers,
from 0.556 to 0.628, but did not beat simpler models. A power analysis showed
that this design could detect only differences of about 0.08 to 0.11, so smaller
gains cannot be ruled out. Results were similar in patients with all four layers,
and somewhat higher when N1 patients were excluded. The molecular profile
of the primary tumour carries only a weak signal for nodal spread in this cohort,
and fusion design matters less than is often assumed.
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under the Creative Common Attribution Non-Commercial 4.0
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1. Introduction

Head and neck squamous cell carcinoma (HNSCC) starts in the lining of the mouth, throat and larynx and is one of
the most common cancers in the world [1], [2]. In South Asia, and in Pakistan in particular, it is very common because
many people use smokeless tobacco and betel quid [3]. Spread of the tumour to the lymph nodes of the neck is one of
the strongest signs of poor outcome in this disease [2], [4]. Some patients have small nodal deposits that imaging does
not show, so surgeons often remove neck nodes as a precaution. A reliable way to estimate nodal spread from the
primary tumour itself could help plan this treatment.

The molecular data of the primary tumour may carry part of this information. RNA sequencing (RNA-seq) measures
the activity of about 20,000 genes and is the most widely used omics layer in cancer research. Other layers, such as
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DNA methylation, copy number and protein levels, describe different parts of tumour biology [5], [6]. A common belief is
that adding these layers to RNA-seq should improve prediction. This belief is rarely tested in a fair way. Each layer has
thousands of features, cohorts have a few hundred patients, and models overfit easily [7]. The way the layers are joined,
known as the fusion strategy, also matters [8], [9].

Three fusion strategies are common. Early fusion joins all features into one long vector. Latent fusion first
compresses each layer with its own network and then joins the short codes. Decision fusion trains one model per layer
and averages their predictions. Studies usually pick one strategy and one model, which makes it hard to know whether
a gain comes from the extra data, the fusion strategy or the model [10].

We designed this study as a benchmark. Starting from RNA-seq alone, we add copy humber (CNV), DNA methylation
(MET) and reverse phase protein array (RPPA) data in six combinations. For each combination we test early, latent and
decision fusion with six model families: logistic regression, support vector machine, random forest, XGBoost, a multilayer
perceptron and MO-LSFN. MO-LSFN extends our earlier single layer model AIW-DynOpt [11] to several layers. The task
is to predict pathological lymph node status from the primary tumour in TCGA-HNSC. All models use the same cross
validation folds, and every step that learns from data is fitted on training patients only. We also report a clinical only
baseline, sensitivity analyses and a power statement. The main result is negative: neither extra layers, nor the fusion
strategy, nor the deep model clearly improved on logistic regression with RNA-seq alone. We report it because negative
results of this kind help other groups choose simpler designs and avoid over interpreting small gains.

Section 1.1 reviews related work. Section 2 describes the data and methods, Section 3 gives the results, Section 4
discusses them together with the limits of the study, and Section 5 concludes.

1.1 Related Work

1.1.1 Fusion Strategies for Omics Data

Methods for combining omics layers are usually grouped by the stage at which the layers meet [8]. In early fusion,
all features are joined before modelling. This is simple, but the largest layer tends to dominate. In joint or latent fusion,
the model learns codes from the layers and joins them. Chaudhary et al. used an autoencoder on expression, microRNA
and methylation data to find survival groups in liver cancer [12], and Tong et al. compared two autoencoder designs for
breast cancer survival [13]. In decision fusion, one model is trained per layer and their outputs are combined. MOGONET
follows a related idea, with one graph network per layer and a final network that combines their outputs [14]. Few studies
compare all three strategies on the same data with the same folds.

1.1.2 Autoencoders and Convolutional Networks for Omics Data

An autoencoder learns to compress its input into a short code and then rebuild the input [15]. Variational
autoencoders add a probabilistic code [16], and Way and Greene showed that such codes can match known biological
programmes [17]. Franco et al. compared autoencoder types for multiomics subtype detection [18], and DeepProg
combined several autoencoders with standard models to predict survival [19]. Convolutional and residual networks were
designed for images [20]. Lyu and Haque placed expression values into 2D matrices for tumour type classification [21],
Darendeli and Yilmaz turned expression values into images [22], and Deeplnsight and IGTD place related features close
together on a grid [23], [24]. Wide residual networks use fewer but wider layers and train well on small inputs [25].

1.1.3 Machine Learning Studies in HNSCC

Most computational studies of HNSCC use a single data type. Ju et al. searched TCGA data for diagnostic and
prognostic genes [26], Li et al. studied prognostic genes in the tumour microenvironment [27], and Nunez Lopez et al.
combined microRNA signatures with random survival forests [28]. Weusthof et al. built a model to predict perineural
invasion [29], and Wang et al. derived a gene signature from cancer associated fibroblasts [30]. A review by Wang and
Lifound that deep learning for head and neck multiomics was still at an early stage [10]. We found no study that compares
fusion strategies and model families side by side for nodal status in HNSCC.

2. Materials and Methods

2.1 Data and Cohort

We used the TCGA-HNSC data from the PanCancer Atlas release [31], as distributed by the cBioPortal data hub
under the study name hnsc_tcga_pan_can_atlas_2018 [32], [33]. The TCGA Research Network first described this
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cohort in 2015 [5]. The label was the pathological N stage of the primary tumour. Patients with NO were labelled node
negative, and patients with N1, N2 (including N2a, N2b and N2c) or N3 were labelled node positive. Patients with NX or
no N stage were excluded. We used one primary tumour sample per patient.

The final cohort had 416 patients with RNA-seq data, of whom 242 (58.2%) were node positive and 174 (41.8%)
node negative. Among node positive patients, 66 were N1, 168 were N2 (12 N2, 8 N2a, 100 N2b and 48 N2c) and 8
were N3. TCGA does not record the extent of neck dissection, so the number of patients with limited dissections cannot
be determined. RNA-seq was given as RSEM values for 20,511 genes. DNA methylation was given as gene level beta
values for 13,063 genes, after removing genes with more than 20% missing values. Copy number was given as
GISTIC2.0 calls for 25,087 genes [34], and RPPA covered 191 antibodies [35]. Methylation data were available for all
416 patients, copy number for 411 and RPPA for 176; 171 patients (100 node positive) had all four layers (Table 1). For
the clinical analyses we also used age, sex, pathological T stage, tumour site from the ICD-O-3 topography code (oral
cavity, oropharynx, larynx, or other) and the PanCancer Atlas HPV subtype.

Table 1. Data types in the study cohort (416 patients, 242 node positive)

Data type Values Genes or Patients with Node positive Features used in
antibodies data with data each fold

RNA-seq l0g2(RSEM + 1) 20,511 416 242 5,000 most variable

DNA methylation (MET) | Gene level beta value 13,063 416 242 5,000 most variable

Copy number (CNV) GISTIC2.0 calls, -2to 2 | 25,087 411 238 5,000 most variable

Protein (RPPA) RPPA level 191 176 104 All 191

2.2 Study Design

We compared six data combinations: RNA alone, RNA + CNV, RNA + MET, RNA + RPPA, RNA + CNV + MET, and
all four layers. For each combination we tested three fusion strategies (Section 2.5) and up to six model families (Section
2.6). Decision fusion needs at least two layers, so it was not run for RNA alone, and it was run with two model families
only. This gives 11 models for RNA alone and 13 for each of the other five combinations, 76 models in total. Throughout
the paper, the reference model is logistic regression on RNA-seq alone with early fusion, which we call the RNA only LR
reference. All models used the same stratified fivefold cross validation split. Inside each training fold, every step that
learns from data was fitted on training patients only. This covered feature filtering, filling of missing values, scaling,
autoencoder training, code normalisation and map ordering. We did not use oversampling such as SMOTE, because
creating synthetic patients before splitting can leak test information into training [36], [37]. Class imbalance was handled
with class weights where the model allowed it.

2.3 Preprocessing

In each training fold we kept the 5,000 most variable features for RNA-seq, methylation and copy number, and all
191 antibodies for RPPA. Missing values were filled with the training median. Each feature was then scaled with the
training mean and standard deviation. The same steps, with the same values, were applied to the test fold. When a
patient had no data for a layer, all features of that layer were set to zero, which equals the training mean after scaling.

2.4 Autoencoder for Each Data Type

Each data type m was compressed by its own deep undercomplete autoencoder (DUAE). For a scaled input vector
Xm the encoder computes

Zm=W2(P(W1Xm+b1)+b2 (1)
where ¢ is the exponential linear unit and W, , b, , W, and b, are learned weights and biases. The hidden layer

had 1,024 units for RNA-seq, methylation and copy number and 191 units for RPPA. The decoder mirrors the encoder
and ends in a linear layer. Each autoencoder was trained to reduce the mean squared reconstruction error

L= (1/1) Zi || Xmyi — Xmii ”2 (2

with the Adam optimiser (learning rate 10~ 2, weight decay 10~ ®, batch size 64, dropout 0.1, 150 epochs). The code
sizes were 320 for RNA-seq, methylation and copy number and 64 for RPPA. The autoencoders were trained once per
fold, on the training patients who had that layer, and the same codes were used by every latent fusion model.
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2.5 Fusion Strategies

Early fusion joined the scaled features of all layers in a combination into one vector, giving up to 15,191 features.
This is the simple concatenation baseline. Latent fusion joined the autoencoder codes of the layers in a combination.
Each code value j was first standardised with the mean y; and standard deviation s; of the training patients who had that
layer,

Zi=aj(z— 1) /s 3
where aj is 1 if the patient has the layer of value j and 0 if not. We call this step latent space feature normalisation
(LSFN). For the conventional models, one availability indicator per layer was added to the normalised codes. Decision

fusion trained one model per layer on the patients who had that layer and averaged the predicted probabilities of the
layers available for each test patient. We used logistic regression and XGBoost for decision fusion.

2.6 Models

Five conventional model families were used. Logistic regression (LR) had an L2 penalty and class weights, with the
penalty chosen by inner fivefold cross validation. The support vector machine (SVM) used a radial basis kernel with C =
1 and class weights. The random forest (RF) had 500 trees and class weights. XGBoost used 300 trees of depth 3, a
learning rate of 0.05, row sampling of 0.8, column sampling of 0.3 and a positive class weight equal to the class ratio in
the training fold. The multilayer perceptron (MLP) had hidden layers of 256 and 64 units, L2 penalty 10~ 3 and early
stopping; the scikit learn implementation does not support class weights. Models were implemented with scikit learn [38]
and XGBoost [39].

RNA-seq DUAE
log2(RSEM + 1) latent size 320

Biomarker attribution

Integrated Gradients through encoders and classifier;
fold stability; Mann Whitney tests with FDR control

Missing modality: latent set to training
mean and mask channel set to 0

DNA methylation DUAE

gene level beta values latent size 320

LSFN Grid WideResNet Node status

Copy number DUAE z-score with 32 x 32 map ordered WRN-16-k (NO / N+)
S training fold by correlation class weighted
GISTIC2.0 calls latent size 320 statistics + availability mask cross entropy

Protein DUAE
RPPA, 176 of 416 latent size 64

Fixed settings: WRN-16-4, AdamW, 30 epochs, modality dropout 0.2

Figure. 1. The MO-LSFN model. Each data type is compressed by its own deep undercomplete autoencoder (DUAE).
The codes are standardised with training statistics (LSFN), placed along a snake shaped path on a 32 by 32 map ordered
by correlation, and joined with a mask channel. A wide residual network then classifies the map, and Integrated Gradients
links each prediction back to the input features.

2.7 MO-LSFN

MO-LSFN is the deep model used for latent fusion (Figure 1). To give its convolutional layers meaningful neighbours,
we measured the Pearson correlation r between all pairs of normalised code values on the training fold and ordered
them by average linkage clustering with distance 1 - |r|, following the idea behind Deeplnsight and IGTD [23], [24]. The
ordered values were placed on a 32 by 32 grid along a snake shaped path, so that values next to each other in the order
are also next to each other on the grid. A second grid holds the availability mask, which gives an input of size 2 by 32 by
32. The map is classified by a wide residual network of depth 16 [25] with width factor k = 4. Each residual block computes

X) = X1-1 + T( X1-1 61) (4)
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where F is the function learned by block | with parameters 8, [20]. Global average pooling and a softmax layer give
the class probabilities. The network was trained with class weighted cross entropy,

L cls=—(1/n) Z;2_c w_c y;c log §;,c (5)

where w_c =n/ (2 n_c) and n_c is the number of training patients in class c. We used AdamW with a learning rate
of 10~ 3, dropout 0.3, a cosine schedule, batch size 32 and 30 epochs. During training, modality dropout hid one available
layer at random for each patient with probability 0.2, so that the network learned to work with incomplete inputs. For the
four layer combination we also ran three ablation models: a random order on the map, no code normalisation, and no
mask channel.

The design choices were made in advance and were not tuned. The code sizes were chosen so that the four codes
fill a square map exactly: three layers of 320 values and one of 64 give 1,024 values, which is 32 by 32, so no padding
is needed. RPPA received a smaller code because it has only 191 inputs, and an undercomplete code must be smaller
than its input. The snake shaped path is the simplest layout in which every pair of consecutive values is also adjacent
on the grid. Space filling curves such as the Hilbert or Z order curve keep more of this locality in two directions and are
a natural alternative. WRN-16-4 was carried over from our earlier single layer work [11], where it trained stably on inputs
of this size. We did not test other grid sizes, paths, network depths, network widths or code sizes, and we list this as a
limitation.

2.8 Clinical Baseline and Sensitivity Analyses

We compared the distribution of T stage, tumour site, HPV subtype and age between node negative and node
positive patients with the chi square test and the Mann Whitney U test. As a clinical only baseline, we trained LR with
class weights on age, sex, T stage group (T1 or T2, T3 or T4), tumour site and HPV subtype, with missing categories
coded as unknown, using the same folds and the same inner cross validation as the omics models. We then ran two
sensitivity analyses on the existing out of fold predictions, without retraining any model. The first restricted the evaluation
to the 171 patients with all four layers, to check that the results were not driven by missing RPPA data. The second
excluded the 66 N1 patients and compared NO with N2 or N3 (350 patients), to check how much the weak signal depends
on the boundary between NO and N1, where pathological staging is most likely to be uncertain.

2.9 Statistical Analysis

We pooled the test predictions from all five folds and computed each metric once. We report the area under the
receiver operating characteristic curve (AUROC) with a 95% bootstrap confidence interval from 1,000 samples of
patients, the area under the precision recall curve (AUPRC), balanced accuracy and the Matthews correlation coefficient
(MCCQC), using a cut off of 0.5 for the last two. Because 58.2% of patients are node positive, a model with no skill has an
AUPRC of 0.582, and this is the baseline for every AUPRC value in the paper. Fold level AUROC values of every model
were compared with the RNA only LR reference using the corrected resampled t test of Nadeau and Bengio [40], which
allows for the overlap between training sets.

To show what differences this design could detect, we computed the smallest fold level AUROC difference that the
corrected t test would find at a two sided level of 0.05. We used the median standard deviation of the fold level differences
between each model and the reference (0.044) and four degrees of freedom. The smallest detectable difference was
0.082 at 50% power and 0.110 at 80% power. Differences smaller than this, which include all the differences we observed,
cannot be confirmed or ruled out with a single run of fivefold cross validation in a cohort of this size.

2.10 Feature Attribution

For MO-LSFN on all four layers, we computed Integrated Gradients [41] for the test patients in each fold, through
the encoders, the normalisation, the map and the classifier, with the training mean as the reference input and 32 steps.
This gives a score for each gene, methylation value, copy humber call and protein. For each data type we computed its
share of the total absolute score. We measured the stability of the rankings between folds in two ways: the Jaccard
similarity of the top 50 feature sets, and the Spearman correlation of the scores of all features that were selected in both
folds of a pair. For the ten top features of each data type we compared node positive and node negative tumours with
the Mann Whitney U test and corrected the p values with the Benjamini and Hochberg method [42].
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2.11 Implementation and Reproducibility

We wrote the code in Python 3.11 with PyTorch 2.14, scikit learn 1.8, XGBoost 3.2, pandas 3.0 and SciPy 1.17 [38],
[39], [43]. All runs used a two core CPU without a GPU. All random seeds were fixed (seed 2026 for the fold split and for
every model), so the fold assignments and results can be reproduced exactly. The code, the fold assignments, the result
tables and the run logs are deposited in a public repository (see Data and Code Availability).

3. Results

3.1 Cohort, Clinical Factors and Autoencoder Reconstruction

The cohort had 416 patients, of whom 242 (58.2%) were node positive. Each training fold held about 333 patients
and each test fold about 83. Table 2 shows the clinical factors by node status. Node positive patients were younger
(median age 59 against 62 years, p = 0.002) and more often had T3 or T4 tumours (63.7% against 49.0% node positive,
p = 0.005). Oropharyngeal tumours (73.3% node positive) and HPV positive tumours (66.7%) were also more often node
positive, but these differences were not significant in this cohort (p = 0.17 and p = 0.27).

Table 2. Clinical factors by node status (416 patients; p values from the chi square test over known categories)

Factor Category Node negative Node positive Sha.rtla node p value
positive

T stage TlorT2 79 76 49.0% 0.005
T3orT4 94 165 63.7%
Unknown 1 1 50.0%

Tumour site Oral cavity 97 120 55.3% 0.17
Oropharynx 12 33 73.3%
Larynx 40 56 58.3%
Other or unknown 25 33 56.9%

HPV subtype Negative 151 199 56.9% 0.27
Positive 15 30 66.7%
Unknown 8 13 61.9%

Table 3 gives the reconstruction error of the autoencoders. For every layer the test error was much larger than the
training error, with the widest gaps for RNA-seq (0.028 against 0.466) and methylation (0.046 against 0.476). We return

to this gap in Section 4.

Table 3. Autoencoder reconstruction error (mean squared error on scaled features, mean + SD over five folds)

Data type Input features Code size Training error Test error

RNA-seq 5,000 320 0.028 + 0.005 0.466 + 0.027
DNA methylation 5,000 320 0.046 + 0.014 0.476 + 0.045
Copy number 5,000 320 0.045 + 0.009 0.230 + 0.024
RPPA 191 64 0.060 + 0.009 0.356 + 0.021

3.2 Overall Comparison

Figure 2 shows the pooled AUROC of all 76 models. Every model found some signal, but none found much. AUROC
values ranged from 0.555 to 0.649, and most lay between 0.59 and 0.64. The RNA only LR reference reached 0.609
(95% CI 0.554 to 0.666). Of the 75 other models, 46 had a higher pooled AUROC than the reference, but only one
differed significantly at p < 0.05 (latent fusion with RF on RNA-seq, p = 0.048). With 75 comparisons, about four such
results would be expected by chance alone, so we do not treat this one as a real difference. The clinical only baseline
reached a pooled AUROC of 0.579 (95% CI 0.527 to 0.636) and an AUPRC of 0.638, lower than the RNA only LR
reference in pooled terms, although its mean fold AUROC (0.608 + 0.051) was almost the same (p = 0.97).
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Early fusion Latent late fusion Decision fusion

RNA

RNA + CNV

RNA + MET
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RNA + CNV + MET
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Figure. 2. Pooled AUROC for every combination of data layers (rows), fusion strategy and model (columns). Decision
fusion needs at least two layers, so it is not available for RNA alone (n/a). Darker cells mean higher AUROC.

Table 4 lists the main models. The best was decision fusion with LR on all four layers (AUROC 0.649, 95% CI 0.591
to 0.705; AUPRC 0.701; MCC 0.218). Latent fusion with SVM on RNA-seq alone came close (0.644), as did latent fusion
with SVM on RNA + RPPA (0.640) and with RF on RNA + CNV (0.638). None of these was significantly better than the
reference (p values from 0.08 to 0.36). The confidence intervals of all models in Table 4 overlapped widely. All observed
differences from the reference (at most 0.040) were smaller than the smallest difference this design can detect (0.082 at
50% power; Section 2.9).

Table 4. Main models (pooled test predictions, 416 patients; Bal. acc., balanced accuracy; cut off 0.5 for balanced
accuracy and MCC; the no skill AUPRC is 0.582; p value from the corrected t test against the RNA only LR reference)

Fusion Layers Model AUROC (95% ClI) AUPRC | Bal. MCC | Fold AUROC, p value
acc. mean * SD
Early RNA LR 0.609 (0.554 to 0.666) 0.651 0.573 0.145 | 0.608 + 0.030 Reference
None Clinical only LR 0.579 (0.527 to 0.636) 0.638 n/r n/r 0.608 + 0.051 0.97
Early RNA MLP 0.589 (0.534 to 0.643) 0.667 0.563 0.130 |0.594 +0.078 0.80
Latent RNA SVM 0.644 (0.590 to 0.693) 0.700 0.623 0.246 | 0.657 +0.042 0.08
Latent RNA RF 0.633 (0.577 to 0.687) 0.697 0.590 0.194 |0.635+0.033 0.048
Latent RNA + CNV RF 0.638 (0.583 to 0.692) 0.688 0.588 0.206 | 0.649 +0.060 0.35
Latent RNA + RPPA | SVM 0.640 (0.583 to 0.691) 0.695 0.634 0.270 | 0.652 +0.045 0.11
Early Al four LR 0.626 (0.568 to 0.680) 0.683 0.575 0.148 |0.633 +0.044 0.48
Early All four XGBoost | 0.591 (0.537 to 0.645) 0.668 0.550 0.102 | 0.591 + 0.052 0.64
Latent All four LR 0.628 (0.572 to 0.684) 0.687 0.580 0.158 |0.629 + 0.035 0.36
Latent Al four SVM 0.630 (0.574 to 0.686) 0.687 0.595 0.188 | 0.639 + 0.056 0.43
Latent Al four MO-LSFN | 0.628 (0.575 to 0.677) 0.664 0.608 0.217 | 0.626 + 0.055 0.52
Decision Al four LR 0.649 (0.591 to 0.705) 0.701 0.609 0.218 | 0.650 + 0.049 0.20

The abbreviation n/r means not reported for the clinical only model, for which only ranking metrics were computed.
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Figure. 3. Pooled ROC curves for selected models. Values in brackets are AUROC. The dotted line marks chance.

3.3 Effect of Data Layers, Fusion Strategy and Model Family

Table 5 summarises the results by data combination, fusion strategy and model family. Adding layers to RNA-seq
made little difference. The mean AUROC over all models was 0.611 for RNA alone and between 0.605 and 0.616 for the
five combinations with extra layers. The combination of all four layers had the highest mean (0.616) and the highest
single value (0.649), but its advantage over RNA alone was 0.005 on average.

The fusion strategy mattered a little more. Over the five conventional model families and all six combinations, latent
fusion gave a mean AUROC of 0.619 and early fusion 0.606. For the two models that we could test with all three
strategies (LR and XGBoost) on the five combinations with more than one layer, the means were 0.611 for early, 0.616
for latent and 0.618 for decision fusion. Among model families, SVM (mean 0.627) and LR (0.623) were the most accurate
and the most stable, followed by RF (0.614) and XGBoost (0.607). The MLP (0.593) and MO-LSFN (0.591) had the
lowest means and the largest spread.
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Table 5. Pooled AUROC summarised by data combination, fusion strategy and model family (mean = SD over the models
in each group, with the highest value and the number of models)

Group Mean + SD Highest Models
RNA 0.611 + 0.025 0.644 11
RNA + CNV 0.614 £ 0.015 0.638 13
RNA + MET 0.605 £ 0.021 0.625 13
RNA + RPPA 0.614 + 0.017 0.640 13
RNA + CNV + MET 0.609 + 0.016 0.628 13
All four 0.616 + 0.018 0.649 13
Early fusion, conventional models 0.606 + 0.017 0.626 30
Latent fusion, conventional models 0.619 £ 0.016 0.644 30
Early fusion, LR and XGBoost, two or more 0.611 +0.011 0.626 10
layers

Latent fusion, LR and XGBoost, two or more 0.616 £ 0.014 0.632 10
layers

Decision fusion, LR and XGBoost, two or more | 0.618 + 0.014 0.649 10
layers

LR 0.623 + 0.010 0.649 17
SVM 0.627 £ 0.009 0.644 12
RF 0.614 £ 0.016 0.638 12
XGBoost 0.607 £ 0.010 0.623 17
MLP 0.593 £ 0.017 0.618 12
MO-LSFN 0.591 + 0.024 0.628 6

The model counts in Table 5 follow from the design in Section 2.2. Each combination row counts five early fusion
models and six latent fusion models, plus two decision fusion models for the five combinations with more than one layer
(11 for RNA alone, 13 otherwise). Each fusion row counts one model per family and combination: five conventional
families over six combinations gives 30, and LR and XGBoost over the five multi layer combinations gives 10. Each
model family row counts its models over all combinations and strategies: LR and XGBoost appear in all three strategies
(6 +6 +5=17), SVM, RF and the MLP appear in early and latent fusion (6 + 6 = 12), and MO-LSFN appears in latent
fusion only (6).

3.4 MO-LSFN and Ablation

MO-LSFN behaved differently from the other models (Table 6, Figure 4a). On RNA-seq alone it was one of the
weakest models in the study (AUROC 0.556). Its score rose as layers were added and reached 0.628 with all four layers,
a gain of 0.072, which was the largest gain from extra data of any model family. With all four layers it matched LR with
early fusion (0.626) and latent fusion (0.628), and it had one of the highest MCC values (0.217). It did not, however,
outperform the RNA only LR reference by a significant margin or any of the strongest conventional models.

In the ablation study on all four layers (Figure 4b), every part of MO-LSFN helped. A random order on the map
lowered the AUROC to 0.591, removing the code normalisation lowered it to 0.595, and removing the mask channel
lowered it to 0.610. These differences were in the expected direction, but they were small compared with the width of the
confidence intervals.
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Table 6. MO-LSFN across data combinations and ablation models (pooled test predictions; Bal. acc., balanced accuracy;

the no skill AUPRC is 0.582)

Model AUROC (95% ClI) AUPRC Bal. acc. MCC
MO-LSFN, RNA 0.556 (0.493 to 0.613) 0.619 0.560 0.119
MO-LSFN, RNA + CNV 0.588 (0.532 to 0.640) 0.657 0.572 0.143
MO-LSFN, RNA + MET 0.580 (0.527 to 0.636) 0.664 0.547 0.093
MO-LSFN, RNA + RPPA 0.602 (0.543 to 0.654) 0.680 0.563 0.126
MO-LSFN, RNA + CNV + MET 0.592 (0.534 to 0.646) 0.642 0.554 0.111
MO-LSFN, all four 0.628 (0.575 t0 0.677) 0.664 0.608 0.217
All four, random order on the map 0.591 (0.536 to 0.652) 0.630 0.575 0.150
All four, no code normalisation 0.595 (0.540 to 0.648) 0.642 0.532 0.063
All four, no mask channel 0.610 (0.551 to 0.665) 0.670 0.566 0.131
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Figure. 4. MO-LSFN results. (a) Pooled AUROC with 95% confidence intervals as layers are added, compared with the
RNA only LR reference and LR with early fusion on each combination. (b) Ablation models on all four layers.

3.5 Sensitivity Analyses

Table 7 repeats the evaluation of seven key models in two subgroups, using the same out of fold predictions. In the
171 patients with all four layers, AUROC values ranged from 0.589 to 0.637 and stayed within the confidence intervals
of the full cohort. The RNA only LR reference reached 0.623 and decision fusion with LR 0.637, so the main results were
not driven by missing RPPA data. When the 66 N1 patients were excluded and NO was compared with N2 or N3, every
model scored higher, by 0.014 to 0.038. Decision fusion with LR reached 0.681 (95% CI 0.622 to 0.736) and the RNA
only LR reference 0.638. The ranking of the models stayed about the same.

Table 7. Sensitivity analyses on the existing out of fold predictions (no retraining; AUROC with 95% bootstrap CI)

Model

All patients (n = 416, 242
N+)

All four layers (n =171, 100
N+)

NO vs N2 or N3 (n = 350, 176
N+)

RNA only LR reference

0.609 (0.554 to 0.666)

0.623 (0.536 to 0.702)

0.638 (0.581 to 0.696)

Early fusion, LR, RNA + RPPA

0.609 (0.553 to 0.665)

0.625 (0.542 to 0.705)

0.638 (0.581 to 0.697)

Latent fusion, SVM, RNA + RPPA

0.640 (0.583 to 0.691)

0.633 (0.546 t0 0.712)

0.678 (0.624 t0 0.732)

Early fusion, LR, all four

0.626 (0.568 to 0.680)

0.589 (0.503 to 0.675)

0.654 (0.593 t0 0.713)

Latent fusion, LR, all four

0.628 (0.572 to 0.684)

0.594 (0.509 to 0.679)

0.659 (0.599 to 0.715)

MO-LSFN, all four

0.628 (0.575 t0 0.677)

0.611 (0.524 to 0.699)

0.642 (0.582 to 0.697)

Decision fusion, LR, all four

0.649 (0.591 to 0.705)

0.637 (0.549 t0 0.721)

0.681 (0.622 to 0.736)
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3.6 Feature Attribution

For MO-LSFN on all four layers, methylation received the largest share of the total attribution (0.379 + 0.049),
followed by RNA-seq (0.348 + 0.032), copy number (0.235 + 0.049) and RPPA (0.037 + 0.012). The small RPPA share
partly reflects missing data, since RPPA was absent for 58% of patients and their RPPA scores are zero. Feature rankings
were unstable between folds. The mean Jaccard similarity of the top 50 feature sets was 0.016 for RNA-seq, 0.028 for
methylation, 0.055 for copy number and 0.188 for RPPA. The Spearman correlation over all shared features, which does
not depend on a top 50 cut off, gave a fuller picture: 0.34 for RNA-seq, 0.36 for methylation, 0.41 for copy number and
0.14 for RPPA. The broad ordering of features was therefore partly preserved between folds, but the very top of each
ranking was not. Table 8 lists the five top features of each layer. None of the 40 top features we tested differed significantly
between node positive and node negative tumours after correction (all q values 0.21 or higher).

Table 8. Five top features per layer for MO-LSFN on all four layers (mean absolute Integrated Gradients score; Mann
Whitney U test; Benjamini and Hochberg g value over the 40 features tested)

Layer Feature Mean absolute Folds in top 50 | Level in node q value
score (%107 3) positive tumours
RNA-seq PAX8 2.1 1 Lower 0.95
RNA-seq TGM4 2.0 2 Higher 0.95
RNA-seq CSAG2 2.0 2 Lower 0.48
RNA-seq GLB1L3 1.9 1 Lower 0.34
RNA-seq GSTT1 1.9 2 Higher 0.63
Methylation BTG4, MIR34B, MIR34C 2.6 2 Lower 0.35
Methylation ZNF57 25 3 Lower 0.34
Methylation SRRT 2.4 2 Lower 0.21
Methylation SPEF2 2.3 2 Lower 0.34
Methylation DKK1 2.3 1 Lower 0.34
Copy number PARD3 2.2 4 Lower 0.34
Copy number CCNY 2.2 3 Lower 0.48
Copy number SPIDR 2.1 1 Lower 0.95
Copy number PARD3 AS1 2.1 3 Lower 0.48
Copy number CEBPD 2.0 1 Lower 0.95
RPPA p38 MAPK (pT180, pY182) 4.1 3 Lower 0.38
RPPA Acetyl alpha tubulin (Lys40) 4.0 5 Higher 0.48
RPPA A-Raf (pS299) 3.8 3 Lower 0.95
RPPA HER3 37 3 Lower 0.34
RPPA 4E-BP1 3.6 3 Lower 0.34

4. Discussion

This benchmark gives a negative result. The molecular profile of the primary tumour carried only a weak signal for
lymph node spread in TCGA-HNSC, and neither extra omics layers, nor the fusion strategy, nor our deep model changed
this much. All 76 models scored between 0.555 and 0.649. The best model, decision fusion with LR on all four layers,
gained 0.040 over the RNA only LR reference, but this gain was not significant, and averaged over all models, adding
layers changed the AUROC by less than 0.01. MO-LSFN, the most complex model, did not outperform the simpler
baselines. We think this result is useful. A study that tested one fusion design against one baseline could easily have
reported a gain of this size as an improvement, and our grid shows how much such gains vary by chance.

The power analysis shows the limits of what this study can say. With a single run of fivefold cross validation and
about 83 test patients per fold, only differences of about 0.08 to 0.11 in AUROC could be detected. All the differences we
observed were smaller. Our data therefore do not show that fusion has no benefit; they show that any benefit is smaller
than about 0.08 in this cohort. Repeated cross validation would narrow the confidence intervals of each model, but it
would not raise the information in the 416 patients, and an external cohort would be more valuable.

Several factors could explain the weak signal. Nodal spread depends on features that a bulk tumour profile may not
capture well, such as the invasive front, lymphatic invasion and the immune state of the draining nodes [2], [4]. Label
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noise is a second factor. Pathological N stage depends on how many nodes are removed and examined, and the
boundary between NO and N1 is the most likely place for errors, for example when a small deposit is missed. When we
removed N1 patients, every model improved by 0.014 to 0.038, which fits this explanation, although the gain also reflects
the larger biological contrast between NO and N2 or N3 disease. Clinical confounding is a third factor. T stage was
strongly linked to node status in our cohort, and oropharyngeal and HPV positive tumours were more often node positive.
A model built on clinical factors alone, however, reached a pooled AUROC of only 0.579, so the weak molecular signal
is not simply a weaker copy of these clinical factors, and clinical factors were not strong predictors either.

The comparison of fusion strategies gives a practical message. Latent fusion was slightly better than early fusion for
the conventional models, and decision fusion was about as good as latent fusion. Both approaches keep each layer
separate for longer, which stops the largest layer from dominating a single long feature vector, in line with reviews that
favour intermediate or late integration for heterogeneous omics data [8], [9]. The differences were small, though, and
reporting a full grid of strategies and models, as in Figure 2, is a simple way to avoid reading too much into one
combination. Early fusion also serves as the simple concatenation baseline that is often used to judge published fusion
frameworks. We did not run MOGONET [14] or DeepProg [19]. MOGONET builds patient similarity graphs and was
designed for larger multi class cohorts, and DeepProg targets survival rather than classification. Adding them is a natural
next step, but given that the strongest models in our grid were regularised linear and kernel models, we would not expect
a more complex framework to change the main conclusion at this sample size.

The autoencoders showed a large gap between training and test reconstruction error, for example 0.028 against
0.466 for RNA-seq. With about 333 training patients and 5,000 inputs, an autoencoder with a 1,024 unit hidden layer can
memorise much of the training data. The codes still carried useful information for classification: latent fusion with
conventional models matched or beat early fusion on the same data (mean AUROC 0.619 against 0.606), and LR, SVM
and RF on the RNA-seq codes all scored above the reference. Good reconstruction and good discrimination are different
goals. Even so, the gap means that the codes are not an efficient summary of the data. Stronger regularisation, smaller
codes, denoising objectives or a linear method such as principal component analysis may give codes that generalise
better, and comparing them is an obvious extension of this work.

MO-LSFN showed a different pattern from the other models. On RNA-seq alone it was one of the weakest models,
but it improved steadily as layers were added and matched the best conventional latent models on all four layers. Its
ablation results also pointed in the expected direction: the correlation order, the code normalisation and the mask channel
each added to its score. This suggests that the design does what it was built to do, which is to combine several incomplete
layers in one model. Its capacity, however, is too large for this cohort, and its fixed design choices (grid size, path, depth,
width and code size) were not tuned. Other authors have also found that deep models rarely beat simpler models on
small omics cohorts [8]. We therefore present MO-LSFN as one entry in the benchmark and not as a recommended
model.

The attribution results support caution. Methylation and RNA-seq carried most of the attribution, but the top features
changed from fold to fold and none of them differed significantly between node positive and node negative tumours. The
Spearman correlations of 0.34 to 0.41 for the three large layers show that the broad ordering of features was partly
stable, but the specific top features were not. A model with an AUROC near 0.63 cannot be expected to produce stable
gene rankings, and we do not propose any of these features as biomarkers. Comparing the attributions with curated
metastasis gene sets, and between HPV positive and HPV negative tumours, would be a useful next step in a larger
cohort.

4.1 Limitations

This study has several limits. All data came from one public cohort, TCGA-HNSC, which is mostly North American,
and we did not test the models on an external cohort. Pathological N stage depends on the extent of neck dissection and
on pathology practice, which TCGA does not record, so the label carries some noise that we could only probe indirectly
by excluding N1 patients. We did not adjust the molecular models for clinical factors; we reported their distribution, a
clinical only baseline and their association with node status instead. Somatic mutation data were not included. We ran
fivefold cross validation once, and the power analysis shows that differences below about 0.08 in AUROC cannot be
detected. The settings of MO-LSFN, the autoencoders and the conventional models were fixed in advance and not tuned,
and we did not compare other grid sizes, map paths, network sizes, code sizes, principal component analysis or
published fusion frameworks such as MOGONET. RPPA was available for only 176 patients. Finally, the attribution results
are computational and have not been tested in the laboratory.

358



5. Conclusions

This benchmark compared six combinations of RNA-seq with methylation, copy number and protein data, three
fusion strategies and six model families, including our deep model MO-LSFN, for predicting lymph node status in 416
TCGA head and neck tumours. All models were tested with the same folds and with every step fitted on training patients
only. The result is negative. Prediction was difficult for every model, with AUROC values between 0.555 and 0.649, and
no model, fusion strategy or data combination clearly beat logistic regression on RNA-seq alone. Latent and decision
fusion were slightly better than early fusion, SVM and LR were the most reliable models, and MO-LSFN gained the most
from extra layers but did not beat simpler models. Gains smaller than about 0.08 cannot be ruled out with this design.
Future studies should use larger and independent cohorts, including patients from South Asia, repeated cross validation,
clinical and somatic mutation data, and tuned or alternative compression methods before claiming that multiomics fusion
improves nodal prediction.
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