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Abstract
Carcinoma of unknown primary (CUP) is a type of metastatic cancer with tissue-of-origin (TOO)
unidenti�able by traditional methods. Most CUP patients have poor prognosis since no therapy targeting
TOO is allowed. Thus, it’s critical to develop accurate computational methods to infer TOO. While qPCR or
microarray-based methods are effective in predicting TOO for most cancer types, the overall prediction
accuracy is yet to be improved. Here, we propose a computational framework to trace TOO of 19 cancer
types based on RNA sequencing (RNA-seq). Speci�cally, we download the RNA-seq data of 7000+ tissue
samples covering 19 cancer types with known TOO from TCGA. By feature selection, 90 genes are �nally
selected to train a random forest model for TOO inference; the 90 genes are enriched in both tissue-
speci�c functions and tissue-general functions. The cross-validation accuracy of our framework reaches
97.55% across all cancer types. Furthermore, we collected an independent cohort of samples in GEO as
testing samples. The accuracy on the independent data is 74% despite the differences in experiment
procedures and pipelines. In conclusion, we develop an accurate yet robust computational framework for
identifying TOO, which might be promising in clinical applications.

Introduction
Carcinoma of unknown primary (CUP) is a type of metastatic cancers with unknown cancer origin. CUP
occupies 3–5% of all cancer incidences in the United States [1, 2]. Although there is no drug speci�cally
approved for CUP, multiple guidelines have been approved for treating this disease using multiagent
cytotoxic chemotherapy [3, 4]. However, the responses of CUP patients to non-targeted chemotherapies
are poor with a 5-year survival rate around 11% [5, 6].

In order to solve this problem, there are multiple diagnostic methods proposed in the past decades. From
1980s to 2010s, immunohistochemistry is the mainstream method to identify cancer primary tissue [7–
14]. However, this method is labor-intensive, requires highly skilled physicians, and has different predicted
accuracies across different cancer types [15]. Imaging techniques such as PET/CT and ultrasound can
also assist in clinical diagnosis on CUP [16–19]. However, they require experienced pathologists and their
diagnostic accuracies vary from ~ 30% to ~ 90%, which is not high enough for safe clinical usage.

With the development of sequencing techniques, gene expression pro�ling-based methods are promising
in auxiliary diagnosis for CUP patients [20–28]. The theory behind these methods is that the expression
pro�le of metastatic tumor tissue is similar to that of the original tumor site instead of the metastatic
tissue [29].

For example, Bloom et al. combined the cDNA and oligonucleotide platform with arti�cial neural network
(ANN) to trace the primary tumor origin [27], and obtained an accuracy of 83–88% on different platforms,
showing that the molecular pro�ling can be used to trace the primary origin of a metastatic tumor. Tissue
of Origin (TOO) is a product based on the microarray data [30]. In the study, 100 samples with primary
tumors were used as the initial training set. The Wilcoxon rank score was used to obtain the highly
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distinguishable genes for every cancer and merged to 1100 genes. One-versus-rest Support vector
machine (ovr-SVM) was used to estimate the predictive accuracy of the genes. In the independent
validation set, an accuracy of 85% was gained. In addition, Monzon et al. examined 2039 tumors using a
dataset containing 1550-gene expression pro�le [26]. The model was trained on both primary and
metastatic tumors as well as the well-differentiated and undifferentiated tumors. The �nal accuracy was
87.8%, which was similar to the results of Su’s study.

CancerTYPE ID is a product based on RT-PCR data, in which 578 labeled samples covering 39 tumor
types were included in the dataset for the tissue-of-origin tracing. Among them, 75% were primary tumors
and 25% were metastatic tumors. The dataset was split to a 466-sample dataset (frozen) and a 112-
sample test set (FFPE) according to the sample type. K-nearest neighbor algorithm (KNN) (k = 5) was
applied to the classi�cation problem, which reached an accuracy of 84% in the leave-one-out cross
validation. The result also showed there was no difference in the accuracies on predictions of primary or
metastatic tumor. 30 genes per tumor were chosen, resulting in 979 distinct genes. A taxonomy tree was
constructed and 30 genes at each tree node were selected, merging to 1001 distinct genes. 61–80 genes
were chosen from the 1001 genes by genetic algorithm and KNN. The accuracy reached 86% by using the
74-gene list on the test set. And among the 100 genetic algorithm (GA) selected gene sets, 90 genes
showed up in 20 sets. The union of the 74-gene set and the 90-gene set generated a 126-gene set.
Furthermore, the criterion of PCR assay �ltered another 39 genes, leaving 87 genes at last. By appending
5 reference genes, a 92-gene list was generated [25].

Xu et al. reported a multiple-platform 154-gene panel to detect the primary origin of metastatic tumors
and the overall accuracy was 92% [31]. They chose the 154 genes by recursive feature selection followed
by speci�c �ltering standards. The array data was used in the training phase and the RNA-seq data was
used in the validation phase.

Recently, Liang et al. contributed to the �eld of CUP by using copy number alteration (CNA) as the input
and deep learning as the method for accurate CUP inferring for six cancer types [32]. However, since the
CNA data is less available than other kinds of data such as expression pro�les or mutation pro�les,
inferring CUP using CNA is not recommended currently.

Despite the relatively good performances shown from the above-mentioned attempts, there are a few
limitations. First, microarray, RT-PCR and RNA-seq are quite different platforms. The model training in one
platform might not work well on another platform. The RNA-seq data has been proven more reliable than
microarray, and thus a model depending purely on RNA-seq might be preferable. Second, ensemble-based
methods like random forest usually have better performance than those of genetic algorithm and KNN.
Here, we proposed a computational framework to trace tumor tissue-of-origin of 19 cancer types based
on RNA sequencing using the random forest algorithm. Speci�cally, we applied random forest in feature
selection and model training on the cancer genome atlas (TCGA) data. We then used an independent
RNA-seq dataset from Gene Expression Omnibus (GEO) to validate our model.
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Results

Dataset preparation
We used 2 sources of data in this work. The largest one is 8085 samples from TCGA were collected and
further split into training dataset and test dataset. For independent validation, another dataset from GEO
was obtained. The GEO datasets containing metastatic 42 samples were collected by searching the
keywords for each cancer on the GEO website (see Table S1 for more detail). Samples were prepared as
described in Materials and Methods and RNA-seq data were prepared for the predictions by the trained
random forest model. All datasets described here were summarized in Fig. 1.

First, 8085 RNA-seq pro�les of samples in TCGA [33] covering 21 main cancers (all cancer abbreviations
are supplied in Table 1) were collected. The TCGA data were quanti�ed by RSEM method. In TCGA, lung
cancer was further classi�ed as lung squamous cell carcinoma and lung adenocarcinoma since they are
classi�ed as two major tumors in TCGA. We also merged the two cancers, colon adenocarcinoma (COAD)
and rectum adenocarcinoma (READ) to COADREAD, since they are similar to each other [34]. T-SNE plot
for COAD and READ also showed that they can hardly be distinguished (Fig. 2a). Table 1 showed the
distribution of the collected data of all cancers. The TCGA dataset contains 7713 primary tumor samples
and 372 metastatic tumor samples. We checked the distribution of each cancer (shown in Table 1), and
found that 352 (94.62%) metastatic tumor samples belong to Skin Cutaneous Melanoma (SKCM), which
is much higher than that in the primary tumor samples (1.04%). Due to the distinct distribution of the
primary and metastatic tumor, the SKCM samples were removed from the data in case it would affect the
results, leaving 7633 samples covering 19 cancers in the primary tumor sample dataset and 20
metastatic tumor samples covering 5 cancers (BRCA, CESC, COAD, HNSC and THCA). The 20 metastatic
tumor samples were used as an independent validation dataset.
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Table 1
The number of patients per cancer from TCGA database.

Cancer Amount Percentage Full name

BLCA 301 3.90% Bladder Urothelial Carcinoma

BRCA 1056 13.69% Breast invasive carcinoma

CESC 258 3.35% Cervical squamous cell carcinoma and endocervical
adenocarcinoma

COAD 451 5.85% Colon adenocarcinoma

GBM 153 1.98% Glioblastoma multiforme

HNSC 480 6.22% Head and Neck squamous cell carcinoma

KIRC 526 6.82% Kidney renal clear cell carcinoma

KIRP 222 2.88% Kidney renal papillary cell carcinoma

LAML 173 2.24% Acute Myeloid Leukemia

LGG 439 5.69% Brain Lower Grade Glioma

LIHC 294 3.81% Liver hepatocellular carcinoma

LUAD 486 6.30% Lung adenocarcinoma

LUSC 428 5.55% Lung squamous cell carcinoma

OV 261 3.38% Ovarian serous cystadenocarcinoma

PAAD 142 1.84% Pancreatic adenocarcinoma

PRAD 379 4.91% Prostate adenocarcinoma

READ 153 1.98% Rectum adenocarcinoma

SKCM 80 1.04% Skin Cutaneous Melanoma

STAD 415 5.38% Stomach adenocarcinoma

THCA 500 6.48% Thyroid carcinoma

UCEC 516 6.69% Uterine Corpus Endometrial Carcinoma

Among the 7633 primary tumor samples, 7579 were frozen samples and 49 were Formalin-Fixed Para�n
Para�n-embedded (FFPE) samples and 5 samples were ambiguous since they were labeled different
types in their sample or portion information. Since FFPE samples sustained from RNA degradation and
chemical modi�cations [35, 36], the sample storage method was also taken as a factor that might
in�uence the classi�cation accuracy.
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Since there might be outliers in the data, such as wrong labels or technical noise from the surgery or the
experiment, we performed outlier removal using one-class support vector machine [37]. The outlier
detection was performed as described in Materials and Methods. After outlier removal, 7174 samples
were left, and the sample number per cancer were listed in Table 2.

Table 2
Sample numbers from the TCGA frozen dataset for each

cancer after removing outliers by SVM.
Cancer Original number Number after removal

BLCA 298 283

BRCA 1041 985

CESC 257 244

COADREAD 591 562

GBM 153 145

HNSC 480 455

KIRC 522 493

KIRP 222 211

LAML 173 162

LGG 439 417

LIHC 294 278

LUAD 476 448

LUSC 428 404

OV 261 247

PAAD 142 130

PRAD 375 356

STAD 415 393

THCA 500 477

UCEC 512 484

Random forest algorithm performed well in frozen datasets
during cross validation
We ran 10-fold cross validations on the frozen datasets to evaluate the algorithm and feature number to
use. For most cases, it’s relatively less costly to use panels to determine the expression level of the
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speci�c genes. However, the coverage of the panel is also con�ned to the cost of the panel. Our goal is to
lower the cost (gene number) while keeping the primary tracing accuracy as high as possible. We used
the of random forest algorithm to choose the most discriminating genes (see Materials and Methods).
We chose the best G genes from the training set in each fold of cross validation, where G is an integer
between 10 and 200 with 10 as the step size.

The average accuracies of all 10-fold cross validations were plotted against the feature numbers
(Fig. 2b). In the frozen dataset, the accuracy stabilized after 90 genes (accuracy = 97.55%). When using
more genes, the accuracy increases for less than 0.1% for each increase of gene number. Thus, 90 were
set as the optimal feature number for frozen datasets. The confusion matrix of the cross validation of the
90 genes from the frozen dataset was plot as Fig. 2c.

Selected genes were signi�cantly enriched in both tissue-speci�c functions and tissue-general functions.

We selected 90 genes for further usage in frozen dataset. The log2 transformed average expression
values for selected genes in different cancers were plotted as heatmaps (Fig. 3). In some extent, the
heatmap explained how those genes could be used to distinguish different cancer types. Some of the
genes can be very informative to make the judgment of the primary origin, as they have a much different
expression in some cancers. For example, SCGB2A2 has an extremely low expression in LAML compared
to other cancers while it has a very high expression in BRCA, showing the gene expression levels could be
used to distinguish different cancer types.

We also performed enrichment analysis on the gene set. The enrichment results were shown in Fig. 4. The
genes were enriched signi�cantly in development of human organs, such as urogenital system
development, endocrine system development, thyroid gland development, prostate gland morphogenesis,
renal system development, lung cell differentiation and reproductive system development et al. There are
other genes involving in hormone metabolic process, hormone-mediated signaling pathway. Remarkably,
some genes involved in the organ or tissue-speci�c development are more likely to be differentially
expressed in tumors and normal tissues. For example, HOXB13 gene, which encodes nuclear transcription
factor which belongs to the HOX family, is known to involve in embryonic development and in the
termination of the differentiated tissue [38, 39]. The previous studies revealed that HOXB13 was
overexpressed in numerous cancers, such as prostate cancer [40], breast cancer [41], ovarian cancer [42],
cervical cancer [43], which demonstrated that HOXB13 might be a promising biomarker of carcinogenesis
in certain types of cancer. In addition, SOX17 gene encodes a member of the SOX family (SRY-related
HMG-box) of transcription factors involved in multiple developmental processes [44], as well as in
carcinogenesis [45]. It has been reported that the SOX17 expression was down-regulated in several types
of cancer cells [46–48], and it was associated with a poor prognosis of cancers. [48–50]. Remarkably, we
found ESR1 was a gene signature of our 90 genes panel. ESR1 encodes a nuclear estrogen receptor
which is involved in the regulation of cell proliferation and differentiation in target tissues. The
overexpressed ESR1 gene results in two-thirds of breast cancer and it has been de�ned the ER + subtype
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of breast cancer [51]. ESR1 is known as a biomarker to evaluate endocrine resistance, disease relapse
and an overall poor prognosis [52–54].

The model trained from TCGA frozen dataset performed well on FFPE dataset in speci�c cancer types.

We �rst checked whether the 90-gene set could help to discriminate the samples from different cancers. t-
SNE were used to visualize the samples from 19 cancer types of the frozen dataset (Fig. 5a) and the
samples the FFPE dataset (Fig. 5b) using only 90 genes. The samples from different cancer types were
clustered well using much fewer genes. However, the FFPE dataset was less clustered, indicating the
FFPE samples might not be a good choice for predicting primary origin.

We trained a model using 90 genes on the 7194-sample frozen dataset. We then predicted the 49-sample
FFPE dataset using the trained model, gaining the overall accuracy of 59.18%. We checked the precisions
for each tumor type in the predictions of FFPE samples, and found that the STAD and COADREAD were
not well classi�ed since COADREAD samples were prone to be predicted as STAD, leading to a low
precision on STAD and a low recall on COADREAD. This indicated that the two tumor types tended to be
similar after being �xed by formalin. Thus, we need to take the sample storage method into account in
further investigations. There are 6 samples having a low con�dence in predicting, thus we set a threshold
of 0.3 for the max probability of all cancers, leaving 43 predictable samples, which lifted the accuracy to
67.44%. We plotted the confusion matrix for the FFPE dataset in Fig. 5c.

The model trained from TCGA dataset performed well in independent datasets.

For testing our method, we prepared 2 independent datasets: (1) the metastatic dataset from TCGA
containing 20 metastatic samples; (2) a metastatic dataset from GEO containing 42 samples.

The model trained from TCGA primary tumor dataset achieves 94.74% accuracy in metastatic tumor
dataset for 19 predictable samples. The model was tested on the independent metastatic dataset in
TCGA, outputting the result shown in Table S2 and Table S3.

To expand the validation dataset, we further validated the trained models on the GEO datasets. The
STAR-RSEM pipeline was used to extract the expression value for all genes [55]. The GEO metastatic
dataset contained 42 predictable samples and an accuracy of 74.29% was achieved. We plotted the
confusion matrix for the FFPE dataset in Fig. 5d. Speci�cally, GSE83132 contains samples from cell lines,
which might lead to inaccurate RNA expression pro�ling.

Discussion
Here we demonstrated the random forest algorithm that could be used in the problem of primary-tracing
using the RNA-seq data with minimal gene set. The overall accuracy using less than 100 genes is high in
the cross-validation results, showing its �tting ability and robustness. The gene number is positively
related to the overall accuracy. However, the best cross validation result came from the 90-gene or 60-
gene set instead of the 100-gene set, showing that there might be a risk of over-�tting if too many genes
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were used as features. Thus, some further methods performed well in other �elds should be explored [56,
57].

Figure 2c showed the confusion matrix of the classi�cation using the 90 genes, in which the most
samples lay on the diagonal of the matrix. It’s worthy to point out that the recall of the READ was
relatively low and most of the erroneous READ samples were classi�ed as the COAD, leading to a
relatively low precision for COAD. It might be due to the connectivity between colon and rectum, as well as
the similarity in expression pro�le. It is necessary to further study to accurately classify the two relatively
adjacent cancers.

We also showed that the FFPE samples might affect the result of primary tracing prediction, which was
not mentioned by Ma et al. who also used mixed datasets [25]. If possible, frozen and FFPE datasets
should not be simply mixed for a larger dataset. Instead, STAD and COADREAD samples should be dealt
with carefully.

It’s also worthy to point out that the probability �ltration could increase the accuracy tremendously. Since
the �ltration is a procedure that drops some low-con�dence samples, there are also some results which
have correct labels with relatively low probability, the procedure might lower the recall rate. Therefore, it
requires careful design to set the threshold at which the max probability and gap. Besides, further
optimization should be made to raise the model’s generalization performance.

We found that during the test phase using the mRNA pro�les of the samples from the GEO datasets, the
accuracy remained high, showing the robustness of the random forest model and the selected features.
However, the accuracy dropped a little bit in the validation datasets, which is possibly due to differences
in experiment protocols that might also affect the �nal expression quanti�cation, which might
furthermore affect the prediction result. Further study could be focused on the effect of those differences.

Materials And Methods

Data preparation
The TCGA RNA-seq and array data were downloaded from ICGC Data Portal
(https://dcc.icgc.org/releases/release_26/).

The normalized expression value of each sample and each gene from the downloaded table of each
cancer type were extracted, generating a M * N matrix where M is the number of the sample number and
N is the number of the gene number. All the samples were labeled by its cancer type.

Since the primary goal is to trace the primary tumor, we removed all the metastatic tumors in the TCGA
dataset for test set by checking TCGA identi�er, leaving the samples with primary tumors as training
dataset.
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For the GEO dataset, we further �ltered samples by the following criteria: samples containing less than
12853 genes were removed for those samples might be problematic in sequencing. The number 12853
was inferred from TCGA dataset, since the sample TCGA-AA-A004-01A-01R-A00A-07 has the least non-
zero genes, which contains only 12853 non-zero genes.

Outlier removal
The scikit-learn class OneClassSVM uses the support vector machine to �t the bound of the samples. It
was used to detect the outliers and the nu parameter was set to 0.05 and the rbf kernel was used. All
outliers will be removed before any training.

Feature selection
Considering the gene number for all genes is costly, the gene number could be shrunk to a small size to
lower the cost.

The random forest algorithm [58] was applied for the feature selection. Random forest consists of a
number of binary decision trees. Each decision tree could use up to  genes for
classi�cation. Every node in the decision tree is a judge on a single gene, which is designed to split the
dataset into two so that similar expression values end up in the same set. Gini impurity was used as the
criterion to further split each node. The Gini impurity was calculated by

where  is a vector of all frequencies of different cancers in the current node and  is the frequency of
the th cancer.

For a single tree, the decrease of the Gini impurity splitting at each feature could be calculated. For a
forest, the impurity decrease from each feature can be averaged and the features are ranked according to
this measure. For every node in every decision tree, the Gini impurity was calculated. By traversing all
possible values of all left features, the best feature-value combination will be decided according to the
most dramatic drop of Gini impurity. The decrease of the Gini impurity, i.e., the importance score for the
feature will be calculated by

where  is a feature,  is the Gini impurity before splitting,  and  is the Gini impurity of the
left/right node after splitting. The value chosen for the feature is hidden in convenience.

After calculating the decrease for all features in all trees, the importance score for a feature in the random
forest will be calculated by

√selectedgenenumber

Ig (f) = 1 −
n

∑
i=1
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f fi
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ΔIg (F) = Ig − Ig0 − Ig1
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Where  is a speci�c feature,  is the set of all trees,  is one decision tree from the set ,  is all
features available for tree , and  is the indicator function for whether feature  is available for
tree .

After sorting by importance scores of all features, the top N genes with the highest scores are selected
accordingly to the requirement.

The selected genes within all the samples were extracted to the new matrix for further classi�cation
procedure.

In this work, 2000 base estimators were used to choose the best features.

Functional annotation
For the analysis of biological signi�cance, the functions were annotated for the speci�c gene set. Gene
ontology [59, 60] was used as the database for the enrichment analysis. Genes were clustered by R
package clusterPro�ler [61]. The visualization was done by R package ggplot2 [62].

Cross-validation
In every N-fold cross validation (where N is an integer), all the samples were strati�ed into N subsets by
different random seeds. And the algorithm was repeated N times. During each repeat, one of the N
subsets was used as the test set and the other N-1 subsets were consolidated to a training set. Features
were selected within the training set and those features were from the training set was used to train a
model. The test set was then used to evaluate the model. Then the average error across all N trials was
computed.

Classi�cation
The samples were labeled as their cancer type. After feature selection, the expression pro�le
corresponding to the genes in the gene set of each sample was extracted and l1-normalized within each
sample. The l1-normalized gene expression levels were calculated by

where  is the th normalized gene expression level for one sample,  is corresponding to the raw gene
expression level and  is the total number of the selected genes.

Random forest was used for the classi�cation of different cancers. The base estimator number was set
to 2000 for the random forest classi�er. For each decision tree, sub-samples are drawn with replacement
by bootstrapping method. Each decision tree will use up to  genes to be

S (F) =
∑T

t ∑
A

F ΔIg (F)
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F T t T A
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compatible with the feature selection process. For each tree in the random forest, the Gini impurity was
calculated for each possible feature before and after the next split and the feature that leads to the
greatest decline will be used. The nodes will be split until all samples in the node were of the same cancer
type.

The trained decision trees were used as voters for the cancer classi�cation and the cancer with the
largest number of trees was reported. The probability corresponding to each cancer were also given by
the random forest classi�er. The results will be further �ltered if necessary.

The feature selection and classi�cation were implemented using scikit-learn package [37].

Probability �ltration
The largest probability that the classi�er predicts one sample could be reckoned as the con�dence of the
classi�er. However, even the largest probability could be small, indicating a low-con�dence prediction.
Thus, the results could be further �ltered if necessary.

There were 2 criteria for the �ltration considering both the value of the probability and the gap between
the largest probability and the second largest probability.

The �rst criterion is applied by

where  is the probability vector containing the probabilities corresponding to all the cancers and  is
the minimum threshold for the . The second criterion is applied by

where  is the sorted  in descending order and  is the minimum threshold for the gap between the
largest probability and the second largest probability. Those predictions that fell out of either of the
criteria will be dropped.

RNA sequencing data alignment and quanti�cation
STAR (v2.7.2b) is used for the alignment of the raw sequencing data [63]. The hg19 genome was used as
the reference genome, using default parameters except the outFilterType was set to BySJout.

RSEM (v1.3.1) is used for quanti�cation of all genes after the alignment, which is based on expectation
maximization algorithm [55]. The default parameters are used in this procedure.

Heatmap visualization
To plot the heatmaps, the R package pheatmap was used. Before plotting, the expression values were
�rst added 1e-12 and transformed by log2.

t-SNE visualization

maxp > M

p M

maxp

p'1 − p'2 > G

p' p G
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Since expression pro�le was in very high dimension. Thus, the visualization of such data requires
dimension reduction. t-SNE is a popular way to reduce the dimension for many kinds of data. t-SNE could
convert high-dimensional data into low-dimensional data but still keeping their proximity [64].
manifold.TSNE from Scikit-learn package [37] was used to reduce the dimension of the data and
matplotlib package was used for visualization.

Conclusions
In conclusion, this study developed a method by RNA-seq and machine learning to assist in identi�cation
and validation of the primary origin of tumor tissue. Our study focused on 19 types tumors and applied
random forest algorithm using only 90 genes as features, which resulted in a relatively high accuracy in
terms of predicting the origin of the primary cancer site. This work indicated the RNA-seq and machine
learning algorithms might be used in clinical practice when pathological study alone fails to indicate the
primary origin site of certain cancer. In order to ensure the precision of the classi�cation, the probability
could also be a constraint, though there was a tradeoff between the precision and recall.
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Figure 1

Datasets and �owchart of this work. (a) Dataset collection and description. (b) Frozen/FFPE dataset
splitting. (c) Outlier removal. (d) Cross validation for best hyperparameter (best gene number). (e) Model
training. (f) Testing on independent datasets. 
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Figure 2

(a) t-SNE plot for the COAD and READ samples in the frozen dataset. (b) The accuracies of random forest
using different number of genes for the frozen dataset in TCGA. By increasing the gene number, the
accuracy continues to grow until about 90 genes. (c) The confusion matrix (shown in percentage) of the
classi�cation of 20 cancers in the TCGA frozen dataset selecting 90 genes in the cross-validation phase.
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Figure 3

The heatmap for average expression value (log2 transformed) for each selected gene per cancer for the
TCGA frozen dataset. 
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Figure 4

The gene ontology enrichment for the selected genes. (a) biological process (BP) enrichment for the 90-
gene set selected in the TCGA frozen dataset. (b) cell component (CC) enrichment for the 90-gene set. (c)
Molecular function (MF) enrichment for the 90-gene set. 
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Figure 5

(a) t-SNE plot for the TCGA frozen dataset using 90 genes. (b) t-SNE plot for the TCGA FFPE dataset. (c)
confusion matrix of the prediction results of the 43 samples from FFPE samples. (d) confusion matrix of
the prediction results of the 42 samples from GEO samples. 
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