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Abstract

Somatic mutation profiles are sparse and variable in length, which makes tumor-type classification difficult with
standard fixed-vector inputs. We propose a transformer-based model that represents each The Cancer Genome Atlas
(TCGA) sample as a sequence of mutation tokens combining gene, genomic-position, substitution, sequence-context,
variant-type, Variant Allele Fraction (VAF), read-depth, hotspot, and consequence features. Categorical fields were
encoded by stable hashing, and numerical fields were normalized using only the training split of each fold. After
filtering tumor types with at least 180 samples, 8,910 samples from 20 classes were evaluated. In stratified eight-fold
cross-validation, the model achieved 64.4% accuracy, 65.4% weighted accuracy, 95.8% one-vs-rest ROC-AUC, 86.7%
Top-3 accuracy, and 93.1% Top-5 accuracy. These results support sequence-based mutation modeling for ranked
tumot-type prediction.

Keywords: Tumor type classification, Somatic mutations, Transformer model, Deep learning, TCGA, Precision
oncology.

1| Introduction

Sequencing-based cancer studies routinely produce mutation annotation files that describe many somatic
variants for each sample. These records contain useful clues about tumor type, but they are not naturally
organized as a fixed-length feature vector. One patient may have only a small number of reported variants,
while another may have hundreds. In addition, most individual variants occur rarely across the cohort. The
modeling problem is therefore to summarize a vatriable-length mutation profile into a sample-level
representation while preserving the information carried by individual mutation records [1], [2].

Previous work has shown that tumor type can be inferred not only from well-known driver genes but also
from broader passenger mutation patterns [3]. This finding is useful because it implies that tissue-of-origin
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information is distributed across the mutation profile. At the same time, mutation profiles can be affected by
cohort composition, sequencing depth, preprocessing choices, and class imbalance. For this reason, a reliable
evaluation must avoid leakage between training and validation data and should report more than a single

accuracy value.

Deep learning methods have been used to address the weak and distributed nature of mutation-derived
signals. Mutation-Attention (MuAt) learns representations of mutation contexts and aggregates them for
tumor typing and subtyping [2]. Multiple-instance learning is another natural choice for this setting, because
the label is assigned to the sample, whereas the observations are individual mutations [1]. In both cases, the
model must learn how mutation-level information should be pooled into a patient-level prediction.

Other studies have used vector-space representations of genomic alterations with classical machine-learning
models [4], reduced neural networks for lung cancer histology [5], mutational signatures for primary-
metastatic discrimination [6], and genome-wide mutation features for cancer of unknown primary [7], [8].
These studies support the general idea that mutation-derived features are informative, while also showing that
no single representation is sufficient for all clinical and pan-cancer settings.

The clinical motivation is clearest when the tissue of origin is uncertain or when molecular profiling is the
main available evidence. Related approaches have used targeted sequencing, nationwide genomic profiling,
sparse liquid-biopsy mutation profiles, cfDNA methylation, and transcriptome-based assays to prioritize
candidate tissues of origin [7—13]. Mutation-based models are a practical part of this broader effort because
somatic variants are already produced by many cancer sequencing workflows.

Mutation profiles are also used for related prediction tasks. Microsatellite instability has been predicted from
NGS data using multiple-instance learning and tabular methods such as NGBoost-based models [14], [15].
These tasks share several technical issues with tumor typing: Variable input length, high-dimensional
categorical fields, class imbalance, and the risk that preprocessing statistics leak information from the
validation set.

In this study, tumor-type classification from The Cancer Genome Atlas (TCGA) somatic mutations is
formulated as a sequence modeling problem. Each mutation is converted into a token containing categorical
and numerical descriptors, and a transformer encoder is used to model relations among the tokens within the
same sample. A learnable (CLS) token is used to obtain the sample-level representation for 20-class tumot-

type prediction.

The work makes three practical contributions. First, it keeps the mutation-level structure of the data instead
of immediately reducing each sample to a handcrafted vector. Second, it uses stable hashed encoding for
categorical variables and fold-specific normalization for numerical variables to reduce avoidable leakage.
Third, it reports cross-validated accuracy, weighted accuracy, Top-k accuracy, ROC-AUC, and confusion-
matrix behavior in a consistent experimental setting.

2| Materials and Methods

2.1| Data Source and Study Design

The data were obtained from TCGA. For each sample, the tumor label is defined at the sample level, while
the input information consists of a set of somatic mutation records. This structure differs from ordinary
tabular classification, because both the number of mutations and the content of the mutation list vary from
sample to sample [1], [2].

Mutation records followed a Mutation Annotation Format (MAF)-like structure. The fields used in this work
included gene symbol, chromosome, genomic position, reference and alternate alleles, substitution type, local
sequence context, variant consequence class, hotspot indicator, and allele read counts when available. These
fields form the mutation-level input summarized in Fig. 7.
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Fig. 1. Mutation-level input features used in the proposed model: (a) Gene symbol cue, (b) Genomic position,
(c) Local sequence context, (d) Variant consequence class, (e) Variant Allele Fraction (VAF), (f) Hotspot
indicator, and (g) Substitution type.

2.2 | Preprocessing and Class Definition

Sample identifiers were aligned with mutation records so that each mutation belonged to one sample only.
Obvious duplicates and inconsistent records were removed. Tumor labels were derived from TCGA cancer-
type codes. Rectal cancer samples were merged with colon cancer samples to obtain a single colorectal class,
because the two groups are closely related and separating them would produce smaller classes.

Tumor types with fewer than 180 samples were excluded. After this filtering step, the dataset contained 8,910
samples from 20 tumor classes. The retained classes included BLCA, CESC, COAD, LUAD, LUSC, and

other TCGA cancer types. Labels were represented as one-hot vectors during training and evaluation.

When tumor reference and alternate read counts were available, Variant Allele Fraction (VAF) was calculated
and used as a numerical feature. VAF is a simple normalized measure of the fraction of reads supporting the

alternate allele:

alt_count
VAF = . @
ref count+alt_count

In Egq. (1), alt_count denotes the number of reads supporting the alternate allele and ref_count denotes the
number of reads supporting the reference allele in the tumor sample. This value ranges from 0 to 1 and was
used as a numerical feature together with the other mutation-level features.

2.3 | Mutation-Token Construction

Each sample was represented as a sequence of mutation tokens. A token stores the descriptors of one
mutation, and the full sequence represents the mutation profile of the sample. This design leaves the
aggregation step to the model rather than imposing a fixed handcrafted summary at the beginning of the
pipeline.
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Since mutation counts differ between samples, all input sequences were brought to a fixed maximum length.
Let M; be the raw number of mutations observed in sample i. The effective length L; was defined as:

L; = min(M;, 512). )]

Samples with more than 512 mutations were truncated using a fixed and reproducible ordering. Samples with
fewer than 512 mutations were padded with neutral values. A binary mask was used to separate observed
mutation tokens from padding positions:

Q)

m;¢ =

{1, t<L;
0, t>L.

The mask was applied during self-attention so that padded positions did not contribute to contextual token
interactions. This is important because differences in mutation count should not be confused with artificial

patterns introduced by padding,.
2.4 | Feature Encoding and Leakage Control

Each token combined categorical and numerical descriptors. The categorical descriptors included gene
identifier, chromosome, substitution type, sequence context, variant type, and variant consequence group.
The numerical descriptors included VAF, read depth, genomic position, and hotspot indicator. High-
cardinality categorical fields were mapped into fixed buckets using stable hashing, which avoided building a

vocabulary from the full dataset.

Numerical features were normalized inside each cross-validation fold. For every fold, the normalization
parameters were estimated from the training split and then applied to the held-out split. This step was used

to prevent validation data from influencing preprocessing statistics.

After encoding, categorical features were passed through learnable embedding layers and numerical features

were projected into the same dimensional space. The final mutation-token representation was computed as

Xijt = Projhum (ri,t) + Embcat(zi,t)- (4)

In Eq. (4), x;¢1s the token representation of mutation t in sample i. The vector z;; contains the categorical
identifiers, Emb, denotes the categorical embedding operation, rj, contains the numerical features, and
Proj,,m maps numerical inputs to the token dimension. This stage produces an input tensor of size N x 512
x d and a mask of size N x 512, where N is the number of samples and d is the token dimension.

Categorical embeddings and numerical projections were combined by additive fusion, followed by layer
normalization and dropout. The overall workflow from mutation records to tumor-type probabilities is

summarized in Fig. 2.
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Fig. 2. Overall workflow of the proposed MutationTokenFormer model.
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2.5 | Transformer Encoder and Classification Head

The overall workflow in Fig. 2 summarizes the complete processing path, while Fig. 3 provides a closer view
of the sequence assembly and input-encoding steps. In each sample, mutation records are converted into a
fixed-length sequence, an attention mask is created, categorical and numerical features are fused, and a (CLS)
token is added before transformer encoding.
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Fig. 3. Detailed sequence assembly and input encoding in MutationTokenFormer.

The encoded sequence was then passed to the transformer encoder. The attention mask was used in self-
attention to ignore padded positions, while the (CLS)] token summarized mutation-level interactions for

sample-level classification.

After the transformer layers, the contextualized (CLS) token was used as the sample-level representation:

hi =z cLs. )

In Eq. (%), z;cLs denotes the transformer output corresponding to the (CLS) token for sample i, and hi is the
final sample-level representation. A multilayer perceptron then produced one logit for each of the 20 tumor
classes, and class probabilities were obtained using the softmax function.

2.6 | Evaluation Protocol

Performance was estimated with stratified eight-fold cross-validation. In each fold, all preprocessing steps
that depended on data statistics were fitted on the training split only. Predictions for the held-out split were
saved, and the out-of-fold predictions from all folds were pooled for the final analysis.

The main metrics were overall accuracy, weighted accuracy, and one-vs-rest ROC-AUC. Top-1, Top-3, and
Top-5 accuracies were also reported to evaluate whether the correct tumor type was ranked among the most
likely candidate classes. ROC curves and a row-normalized confusion matrix were used for class-level

inspection.
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3| Results

3.1| Input-Sequence Characteristics

The retained cohort contained 8,910 samples across 20 tumor types. Mutation-token counts were highly right-
skewed: The median number of mutation tokens per sample was 101.0, whereas the mean was 349.2. Overall,
88.8% of samples contained fewer than the fixed sequence length of 512 tokens and therefore required
padding, while 11.2% exceeded this length and were truncated.

Fig. 4 summarizes mutation-token counts and the fraction of samples affected by the 512 token limit across
tumor types. The largest percentages of truncated samples were observed for SKCM and UCEC, whereas
THCA and KIRP were entirely below the 512 token limit.
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Fig. 4. Input-sequence characteristics across tumor types.

3.2| Overall Classification Performance

Out-of-fold predictions from stratified eight-fold cross-validation were pooled before calculating the final
metrics. As shown in Table 1, the proposed model achieved 64.4% accuracy, 65.4% weighted accuracy, and
95.8% one-vs-rest ROC-AUC.

Compared with the ATGC reference result, the proposed model improved both accuracy and weighted
accuracy while maintaining a high ROC-AUC. This indicates that the mutation-token representation
improved the final class assignhment without reducing the ranking quality of the model.

Table 1. Performance comparison between the proposed method and ATGC.

Method Accuracy Weighted Accuracy ROC-AUC
ATGC [1] 58.0 59.8 95.2
Proposed method 64.4 65.4 95.8
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3.3 | Top-k Classification Performance

Top-k metrics were used to evaluate whether the correct tumor type appeared among the highest-probability
candidate classes. The proposed model achieved 64.4% Top-1 accuracy, 86.7% Top-3 accuracy, and 93.1%

Top-5 accuracy, as shown in Table 2.

Table 2. Top-k performance comparison with MuAt and DNN.

Method Top-1 Top-3 Top-5
MuAt [2] 64.1 83.5 90.6
DNN [2] 62.8 82.9 91.8
Proposed method 64.4 86.7 93.1

Among the 3,168 samples that were incorrect at Top-1, 62.6% were recovered within the Top-3 predictions
and 80.5% were recovered within the Top-5 predictions (Table 3). This supports the use of ranked candidate

lists rather than a single forced label in mutation-only tumor typing.

Table 3. Recovery of Top-1 errors within Top-3 and Top-5 predictions.

Condition Number of Samples Percentage of Top-1 Errors (%)
Top-1 errors 3168 100
Recovered within Top-3 1982 62.6
Recovered within Top-5 2549 80.5
Not recovered within Top-5 619 19.5

3.4| ROC Analysis

Multi-class ROC curves were computed in a one-vs-rest setting. [zg. 5 shows the micro-average and macro-
average ROC curves. The micro-average ROC-AUC was 0.959 and the macro-average ROC-AUC was 0.958.

The closeness of the micro- and macro-average AUC values suggests that discrimination was not driven only
by the largest tumor classes. ROC-AUC also captures ranking quality, whereas accuracy depends on the final

selected class.
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Fig. 5. Multi-class one-vs-rest ROC curves for tumor-type prediction.
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3.5| Class-Wise Performance Analysis

Class-wise precision, recall, and F1-score were calculated from the pooled out-of-fold predictions. Table 4
shows that performance varied across tumor types. The highest Fl-score was obtained for SKCM (90.2%),
while lower values were observed for HNSC (46.8%) and PRAD (49.4%).

Table 4. Class-wise performance of the proposed model.

Tumor type Support Prec Rec F1

BLCA 411 56.4 68.4 61.8
BRCA 1020 60.8 50.4 55.1
CESC 289 59.8 68.5 63.9
COAD 517 67.8 81.6 74.1
ESCA 184 61.6 62 61.8
GBM 390 63.1 62.3 62.7
HNSC 507 47.3 46.4 46.8
KIRC 369 71.9 74.8 73.3
KIRP 281 74 61.9 67.4
LGG 510 71.9 70.8 71.3
LIHC 363 72.7 74.1 73.4
LUAD 515 65.7 59 62.2
LUSC 485 58.8 68 63.1
oV 411 58.1 74.7 065.4
PRAD 495 49.9 48.9 49.4
SARC 236 57.6 57.6 57.6
SKCM 466 94.2 86.5 90.2
STAD 439 62.6 67.9 065.1
THCA 492 79.6 60.2 068.5
UCEC 530 66.9 64 065.4

The ranked Fl-score profile in Fig. 6 provides a compact visual summary of this class-level variation. The
results show that the model separated several tumor types reliably, but mutation-only information remained

less distinctive for some classes.
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Fig. 6. Class-wise Fl-score across tumor types.
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3.6 | Confusion-Matrix and Error-Pattern Analysis

A row-normalized confusion matrix was used to inspect error patterns. As shown in Fig. 7, most classes had

visible diagonal dominance, but off-diagonal errors were concentrated in specific tumor-type pairs rather than

being uniformly distributed.
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Fig. 7. Row-normalized confusion matrix of tumor-type predictions.
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The most frequent confusion pairs ate listed in Table 5. LUAD-to-LUSC and LUSC-to-LUAD were the two
largest error patterns, followed by HNSC-to-BLCA and BRCA-to-OV. These patterns are useful for
identifying tumor groups that may require additional molecular features or a hierarchical decision strategy.

Table 5. Most frequent tumor-type confusions.

True Tumor Type Predicted Tumor Type Misclassified Samples Percentage of True Class (%)
LUAD LUSC 101 19.6
LUSC LUAD 91 18.8
HNSC BLCA 86 17
BRCA oV 86 8.4
BRCA CESC 66 6.5
BLCA HNSC 64 15.6
HNSC LUSC 63 12.4
PRAD STAD 58 11.7
UCEC BRCA 58 10.9
LGG GBM 51 10
BRCA UCEC 49 4.8
BRCA HNSC 47 4.6
STAD COAD 45 10.3
GBM oV 44 11.3
PRAD BRCA 42 8.5
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4| Discussion

The results show that keeping mutation records as tokens is a reasonable strategy for TCGA tumor-type
classification. Instead of compressing all variants into a fixed handcrafted vector before modeling, the
transformer receives a structured list of mutation-level observations and learns how to combine them at the
sample level through a contextualized (CLS) representation.

The input-sequence analysis clarifies why padding, truncation, and masking were needed. The cohort had a
median of 101 mutation tokens per sample, but the mean was 349.2 because a smaller subset of highly mutated
samples created a long right tail. Most samples required padding, while 11.2% exceeded the 512 token limit
and were truncated. This shows that the model had to handle both sparse and highly mutated profiles within

the same evaluation setting.

The improvement over ATGC in both accuracy and weighted accuracy suggests that the token-based
representation captured information that was useful for final class assignment. The high Top-3 and Top-5
values are also important. In practice, a ranked list of candidate tumor types may be more useful than a single
forced label, especially when mutation profiles are incomplete or when biologically related tumors share

similar alterations.

The class-wise analysis showed substantial variation among tumor types. SKCM achieved the strongest F1-
score, whereas HNSC and PRAD were more difficult. These differences are consistent with the idea that
mutation-only signals are not equally distinctive across all cancer types. Some classes may require additional
information, such as copy-number alteration, methylation, expression, mutational signatures, or clinical

variables, to improve separation.

The confusion matrix and the ranked confusion table provide a more detailed view of the remaining errors.
The largest error patterns occurred between LUAD and LUSC and between several biologically or clinically
related tumor groups. Such overlap is expected in a pan-cancer mutation-only setting and may be reduced by

using hierarchical classifiers or multimodal molecular inputs.

The preprocessing choices were selected to keep the evaluation conservative. Stable hashing reduced the need
for a vocabulary built from all samples, and fold-specific normalization ensured that validation statistics were
not used during training. These details are important in mutation-profile studies, where leakage can easily
inflate performance estimates.

The findings are consistent with previous mutation-based tumor-typing studies. Multiple-instance learning
treats each sample as a bag of mutation instances [1], while MuAt and related attention-based models learn
representations from mutation context [2]. Other studies based on targeted sequencing, vector-space
transformations, and large genomic profiling cohorts also show that mutation-derived features can support
tumor classification [4], [9], [10].

The study has limitations. First, the evaluation was limited to TCGA and did not include an independent
external cohort. TCGA is useful for method development, but it does not cover all sequencing platforms,
sample qualities, or clinical populations. Second, the maximum sequence length was fixed at 512 mutations,
which may truncate information in highly mutated tumors. Third, the model used mutation-derived features
only and did not integrate other molecular or clinical information.

A further limitation is the absence of a detailed ablation study. Future experiments should measure the
separate contribution of gene identity, sequence context, variant type, consequence class, VAF, read depth,
hotspot status, sequence ordering, (CLS)-based sequence summarization, and class-imbalance handling. Such

analysis would show which parts of the token representation are most responsible for performance.

Future work should also test the model on independent multi-center data and evaluate calibration if the
outputs are used as probabilities. A hierarchical design could first predict broad tissue groups and then
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distinguish closely related subtypes. Combining mutation tokens with other omics layers may reduce the
remaining confusion among biologically similar cancers.

5| Conclusion

This work presented a transformer-based model for tumor-type classification from somatic mutations. Each
sample was represented as a sequence of mutation tokens, and a contextualized (CLS) token was used as the
sample-level representation for classification. The evaluation used TCGA data after retaining tumor classes

with at least 180 samples, resulting in 8,910 samples and 20 classes.

The model achieved 64.4% overall accuracy, 65.4% weighted accuracy, and 95.8% one-vs-rest ROC-AUC. It
also achieved 86.7% Top-3 accuracy and 93.1% Top-5 accuracy. Class-wise and confusion-matrix analyses
showed that the model performed strongly for several tumor types but still confused some related classes.
Future work should focus on external validation, ablation studies, calibration, and integration of additional

molecular features.
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