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The prediction of response to drugs before initiating therapy based on
transcriptome data is a major challenge. However, identifying effective drug
response label data costs time and resources. Methods available often predict
poorly and fail to identify robust biomarkers due to the curse of dimensionality:
high dimensionality and low sample size. Therefore, this necessitates the
development of predictive models to effectively predict the response to drugs
using limited labeled data while being interpretable. In this study, we report a novel
Hierarchical Graph Random Neural Networks (HIRAND) framework to predict the
drug response using transcriptome data of few labeled data and additional
unlabeled data. HIRAND completes the information integration of the gene
graph and sample graph by graph convolutional network (GCN). The innovation
of our model is leveraging data augmentation strategy to solve the dilemma of
limited labeled data and using consistency regularization to optimize the
prediction consistency of unlabeled data across different data augmentations.
The results showed that HIRAND achieved better performance than competitive
methods in various prediction scenarios, including both simulation data and
multiple drug response data. We found that the prediction ability of HIRAND in
the drug vorinostat showed the best results across all 62 drugs. In addition,
HIRAND was interpreted to identify the key genes most important to vorinostat
response, highlighting critical roles for ribosomal protein-related genes in the
response to histone deacetylase inhibition. Our HIRAND could be utilized as an
efficient framework for improving the drug response prediction performance using
few labeled data.
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Introduction

Precision medicine seeks to customize medical treatments based
on the genetic characteristics of each patient. Essentially, this is the
process of tailoring proactive and preventive care in order to
maximize medical efficacy and cost-effectiveness (1). A personalized
approach in cancer therapeutics has long been a noble goal for both
clinicians and patients. Despite the undeniable success of certain
targeted therapeutic approaches (2), unfortunately, they often provide
benefits only to a few patients (3), and almost inevitably, patients tend
to develop resistance to these targeted therapies as well (4). Tumor
subtype and cancer genome evolution, resulting in intratumor
heterogeneity, remain the main challenges to successful cancer
personalizing treatment (5). Machine learning methodologies,
including the emerging deep learning models, are an important
component of the analysis to allow for the classification and
prediction of outcomes for individuals and populations (6). For
example, researchers have developed logistic regression (7) and
extreme gradient boosting (XGBoost) (8)-based classifiers that
predict drug resistance based on treatment-naive (A person is
considered to be “treatment-naive” if he or she has never
undergone treatment for a particular illness) genomic,
transcriptomic profiles and clinical characteristics. In addition, the
deep learning methods, including convolutional neural networks
(CNNs) (9-13) and deep neural networks (DNNs) (14-17), are
applied to predict the prognosis or response to therapy using gene
expression, copy-number alteration, clinical profiles, pathway
profiles, and image information. Computer-aided methods
adequately capture the important features that are key to
developing robust models (18). Most of the available methods
possessed an obvious dependence on labeled data. However, in the
clinical practice field, such training labeled dataset collection for these
patients has been proven to be difficult, time-consuming, and often
frustrating. The development of a precision medicine paradigm for
these cancers is hampered by difficulty in obtaining tumor-related
labeled data.

Indeed, labeled data inadequacy is a common problem for both
precision medicine and clinical trial. Developing a novel method that
can predict the therapeutic response and identify the biomarkers
based on a minimal amount of sample is a task of top priority. Semi-
supervised learning has proven to be a powerful paradigm for
leveraging unlabeled data to mitigate the reliance on large labeled
datasets. It is necessary to fully exploit the available class label
information, especially in cases where few labeled data are available.
Currently, semi-supervised learning is widely used in image
identification. Songpa et al. proposed a simple and efficient method
of semi-supervised learning for deep neural networks: Pseudo-Label
(19). Timo et al. developed a self-assembling semi-supervised method
under a variety of regularization and input enhancement conditions
(20). Colin et al. proposed the semi-supervised framework MixMatch
(21), which guessed low-entropy labels for data-augmented unlabeled
examples and mixed labeled and unlabeled data using the MixUp
method (22). All of these methods worked well in the field of image
recognition, and data augmentation is an important factor in semi-
supervised success. Data augmentation is one of the most skilled in
deep learning, for example, translation and rotation (23) (24). The
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main purpose of data augmentation focused on increasing the sample
size and generating a more diverse dataset (25). In principle, labels
predicted by the model should be consistent for the samples generated
by the same data augmentation, which is called consistency
regularization (26) (27). In addition, semi-supervised learning is
based on the consensus that the classification boundary of the
classifier should not pass through the high-density region of the
marginal distribution. That is forcing the classifier to predict with low
entropy, which is also named entropy minimization (28). Inspired by
these methods, we distill the advantages of successful available image
identification algorithms and develop a semi-supervised method that
is applied in the medical molecular field.

We introduce Hierarchical Graph Random Neural Networks
(HiRAND), a graph convolutional network (GCN)-based deep
learning semi-supervised model, to predict drug response using
transcriptomic data. HIRAND completes the information
integration of the gene graph and the sample graph by GCN in
order. In the gene spatial, the neighbor information is aggregated to
generate new convolutional features based on the gene weight matrix
and gene adjacency matrix. In the sample spatial, by dropping out a
certain proportion of sample expression data several times, the
sample’s information can pass to its neighbor along the pre-built
sample adjacency matrix and generate a novel perturbation matrix
based on GCN. The perturbation matrix is the augmentation version
of the original expression data. By doing so, we achieve data
augmentation for molecular expression data and improve the model
generalization. An overview of HIRAND is illustrated in Figure 1A. In
our results, HIRAND significantly outperformed classification models
typically in most of the experiments, especially in the case of few
labeled samples (the labeled sample size range is from 2 to 20). In
addition, we provided interpretations of the genes that are selected by
HiRAND to understand their drug-specific response mechanisms.
Thus, HiRAND achieves superior predictive performance compared
with established models and reveals the biological mechanism of drug
response, with translational implications.

Methods
The overall structure of HIRAND

The proposed method HiIRAND mainly consisted of four parts,
including gene selection, data augmentation, multilayer perception
(MLP) for prediction, and consistency regularization (Figure 1A). The
initial input data of the model were the gene expression matrix Xi,pue
in a gene sample [sample means the nodes of the sample similarity
graph G throughout the text] format and the gene adjacency matrix
AS$. For clarity, we simply described the procedure of integrating the
information using GCN in the graph data as shown in Equation 1.
Consider a graph G=(V,E), where Vdenoted the vertices and E
denoted the edges. The aggregation process of GCN was defined as:

H=0o(X(AoW)) (1)

where X was input data denoting the characteristic matrix of the
vertices, and A was the adjacent matrix denoting the relationship
between nodes. W was layer-specific trainable weight matrix, and o
represented the activation function. Two types of graphs were used in
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FIGURE 1

The workflow of the HIRAND framework and the analysis strategy. (A) HIRAND consisted of four main parts, including gene selection, data augmentation,
prediction, and consistency regularization. Firstly, the feature embedding of gene expression profiles was obtained through GCN. Secondly, the multiple
graph augmentations were generated by random propagation. Thirdly, the label prediction distribution was obtained through MLP. Fourthly, the final
label results were used through consistency regularization. (B) For each drug response prediction task, we conducted 5-fold cross-validation to
benchmark the predictive power of HIRAND. For the labeled data sample size setting, we considered two aspects: ® very few labeled sample size
(2,3,4,5,6..20) and @ relatively large labeled sample size (30,60,90,120,150,210). The remaining data in the training set were treated as unlabeled data.

This process was repeated five times to show the robustness of HIRAND.

HiRAND: gene interaction graph G and sample similarity graph
G™, and convolution of those two graphs performed the gene
selection and data augmentation, respectively. The consistency
regularization was used to optimize the prediction consistency
among S augmentation data. The pseudocode of HiRAND was
provided in Algorithm 1.

Input:
Adjgene= g x g, adjacent matrix for g genes
AdJsampie = n x n, adjacent matrix for n samples
X=nxg, featurematrix for n samples and g genes
S: time of augmentation
& = DropNote/dropout probability
n =learning rate
fmip: the model
Function HiRAND (Adjgener Adjsampier X, S, &, 1) :
SetVariablesNull (Z, ImportanceScore)
// augment the data
for sinl : Sdo
// sparse the inputXl = SparseGCN
(X*Vyeignt *AdT gene)
// perturb the dataX2 ~ DropNote (X1, &)
// propagate the dataX3 = 11—+sz:0AdjfampleX2
// predict the labelZ® = f,;,(X3)
end
Z = fuup (5 S0 AdfampieX)
// loss functionLiora:r = Liaver * Luniabel
// Importance score of genes
ImportanceScore = sum (abs (Vyeigne * AdJjgene) )

return Z, ImportanceScore
Output:
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DArT =g 'EEI Training set <|:

03

Labeled data: (1 Number: 2.3.4.5...20
2) Number: 30,60.90,120.150,210
Unlabeled data: The remaining data in training set

1
Run 5 times

Z: the label distribution prediction
ImprotenceScore: the importance score of genes

ALGORITHM 1

Gene selection

The main task of this layer was to aggregate the gene information
along the gene adjacency matrix and achieve the gene selection. As
Equation 2 showed:

HY = 6 (Xppu (456 W) ) )

Xinput Was n*g matrix, where each row represented a sample and
each column denoted a gene. The gene adjacency matrix A® was g*g
one-hot matrix, where At%g) =1 represented the interaction between
gene i and gene j could be found in the HINT database, which was a
database of high-quality protein-protein interactomes for humans
(20). o(-) denoted the Tanh activation function here. W was a g'e
trainable matrix, which contributed to the gene selection by assigning
(0)
ij

a higher weight value W;” to more critical genes. To this end, we

constructed the gene importance score as Equation 3:

© . (0)

(45 o W)
I =—! 3)
RCRLD)
P

A,(f)and W,»(jo) were the elements of the A% and W' separately.
This output H" of the gene selection layer was still #*g matrix.
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Data augmentation

The purpose of this process was to complete data augmentation
for the output H") matrix by performing the random propagation
strategy. The sample adjacency matrix A" indicating the relationship
of samples was used to store information about the sample graph
structure. For constructing the A", the similarity between sample p
and sample g as evaluated by Equation 4:

pZ (XP’X‘I)> (4)

Sim,, = exp| -

where x, and x, denoted the g-dimensional vectors of gene
expression profiles of sample p and sample g, respectively. p(-,-) was
a function of calculating the distance between two different samples.
p(--) was the cosine distance here. ¢ was the hyperparameter, which
was set to 0.5 in this case. €, is a scale parameter and computed
through Equation 5:

 mean(p(sy Np) + mean(p (i ) + Pl )
€pq = 3 (5)

N, represented the neighbor’s expression vector of sample p, and
similarly N, denoted the neighbor’s expression vector of sample g.
Then, neighbors of a given sample were defined as the top 10 most
similar samples based on the Sim,,; according to the mild assumption
9). The
non-zero part in sample adjacency matrix A" of dimension n*n was

that local similarities are more reliable than remote ones (2

constructed according to the Sim,,, and the diagonal elements are set
to self-to-self similarity. Therefore, each sample in the A" was only
connected with 10 neighbors at a certain distance.

Next, we randomly generated the binary mask e,~ Bernoulli (1-6)
for each sample p, where & was the drop rate. To effectively augment
graph data, each sample’s expression data can be randomly dropped
(referred to as Dropout) (30) by multiplying the samples’ expression
vector with its corresponding mask: X, = €, - x,, where x;, denoted the
feature matrix of sample p in H". Then, we adopt the GCN to
propagate the neighbors’ information to each sample along the
sample adjacency matrix A" as Equation 6:

HO = G(X(A" W“’)) 6)

where X was the set of X,, and output matrix H® was a sample
augmentation data. A" was the sample adjacent matrix, and W was
the weight matrix. As shown in Figure 1A, HIRAND yielded S sample
data augmentations based on the S mask matrix, and here, S was set
to 4.

It is well known that GCN only makes the convolution for the
nodes that were directly connected in the graph data. In order to
explore the role of the m-hop neighbor, we consider using the A"
instead of A” to receive the information of both near and distant
neighbors in the sample graph data (Equation 7):

-3 %
S Amrl "

A? was the adjacent matrix of the m-hop neighbor. A" is the
average of the power series of A” from order 0 to order m.
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MLP for prediction

After performing the data augmentation S times, we obtained S
augmented data matrices H? (1< s< S). Then, these S augmentation
datasets were fed into the MLP classifier separately as Equation 8:

' = fup (H?. 0) ®)

Where © denoted the model parameters. MLP consisted of three
layers: the input layer with g neurons (g means the number of
columns of the input data), the hidden layer with 128 neurons, and
the output layer with Cneurons (Cwas the number of classes and was
set to 2 here). For each sample, the probability of being assigned to
each class denoted by Z® & [0,1]™¢ could be obtained.

Consistency regularization

Having generated S prediction probability matrices from the
previous layer, we proposed to optimize the prediction consistency
among S outcomes. We first calculated the label distribution center Z,
by taking the average of all distributions (Equation 9):

7 = S (s) (9)
=5 2

Zf(f) was the prediction result distribution of the sample p in the s
data augmentation.

Next, inspired by the sharpening algorithm (21), the sharpening
function (Equation 10) was utilized to reduce the entropy of the
average label distributions. Specifically, the guessed probability Z,, of
sample p in the wth class is calculated by:

=Z‘j/cjz LO0<w<C-1) (10)

where T€(0,1] , which aimed to control the sharpness of the
categorical distribution. Therefore, the label probability approached
one-hot encode label and was treated as the artificial label.

Loss function

Our final loss function to be minimized consisted of two parts
(Equation 11), and A was the parameter that balanced the £;,, and

‘C'unlab :

L= Llab + )“ﬁunlab (11)

Ly, was a cross-entropy term representing the classification
error (Equation 12):

Ly = ——EEY log Z{" (12)

s 1i=0
where g denoted labeled nodes among # nodes, and Y was the true
label of the labeled sample. L., Was a penalty term for the
regularization loss that denoted the distance between the artificial label
and the predicted label averaged over all augmentations (Equation 13):
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—1

18n
Lunia = 52>
s=1i=

0

_ ~ 2
Zl -7

(13)

2

Z| was the guessed probability, and Zi(s) was the predicted
probability for a given sample.

In the HiRAND training phase, the analysis strategy was shown in
Figure 1B. For each drug response prediction, 80% of the whole samples
were seen as the training set, including labeled data and unlabeled data,
and we selected 20% of the total samples as the test set. We selected K
samples of the training set as labeled samples to fine-tune the model and
the remaining samples as unlabeled samples. In K value setting, we
primarily considered two aspects. On one side is exploring the model
performance in the case of few labeled data, and K is set to range 2-20.
On the other side, we would like to see the performance comparison with
the baseline model when more samples are given, so we set the labeled
sample size as {30,60,90,120,150,180,210}. We conducted 5-fold cross-
validation to evaluate the predictive power of HIRAND and ran this
process five times to show the robustness. Full details of data preparation
and the comparison of available methods are given in the Supplementary
Methods subsection.

Results

The performance of HIRAND on the
simulation data

To assess the performance of HiRAND, we simulated an
expression matrix of 500 samples with 1,000 variables. Firstly, a
protein—protein interaction (PPI) network-like adjacency matrix
representing the connection strength among variables was
constructed. Specifically, we employed the preferential attachment
algorithm proposed by Albert (31) to generate a scale-free feature
graph of 1,000 nodes. The distance matrix D recording pairwise
distances among all nodes was then calculated, whose dimension was
1,000 * 1,000. Next, we derived the covariance matrix X; by
transforming the distances matrix D between nodes according to
Equation 14:

% =0.7"%,i,j = 1,...,1000 (14)

Based on the covariance matrix X;, 500 multivariate Gaussian

ij)
samples were obtained as input matrix X=(x1,...,X500) . followed by

Equation 15:

x; “N(0,%),i=1,...500 (15)

To generate the outcome variable, we defined 20 features as the
true predictors randomly. A set of parameters B=(f3,,.. Bo)" and an
intercept 3, were sampled in range (1, 1.5). We also made some of the
parameters negative so that both positive and negative coefficients can
be accommodated, which was more consistent with the situation in
practical applications. Ultimately, the outcome variable y was
calculated as in Equations 16 and 17:

Pr(y; = 1|x) = 7" (x{ B+ By) (16)

y; = J(Pr(y; = 1|x) > m),i = 1,...1000 (17)
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where 7]71(x)=(0.7q)(tanh(x))+0.3q)(xz))*‘(1+e’c)2 , in which 7'(x)
was the link function and m was the median of y. Thus, we generated
the outcome variable y, which was the binary variable.

We applied HIRAND to the simulation data following the analysis
strategy described before. We found that the area under the curve
(AUC) of HiRAND is higher than all of that of compared methods in
the presence of very few labeled samples, such as less than 20. The AUC
of the compared methods has been improving rapidly by adding the
labeled sample, especially in SVM, which roughly gets the same AUC
with HIRAND trained with more than 20 labeled samples (Figure 2A).
As can be seen, the HIRAND algorithm performed well with very few
labeled data. In Figure 2B, we showed the effect of the step size in
sample graph convolutions and, consequently, on the prediction
performance. Outside of a few instability results, the model with 1
step size is better than with 3 step sizes. Moreover, to further explore the
effects of data augmentation strategy on prediction performance, we
deleted the data augmentation layer from HiRAND as an ablation
experiment. As Figure 2C showed, data augmentation indeed improved
the predictive power of the model. Figure 2D demonstrated the capacity
for feature selection of HiRAND; red represented the differential
features, and gray represented the non-differential features. The
importance scores of the differential features were significantly higher
than those of the non-differential features.

HIRAND provided a competitive
performance in drug response prediction

We further evaluated the HIRAND classification performance on
the drug response data. After merging the cell line expression data
and pharmacological response, the number of cell lines for each
compound was shown in Figure S1.

According to the number of cell lines, 62 compounds with more
than 600 cell lines were picked, whose molecular targets focus on 20
pathways. For each individual drug, we trained the model with the
different labeled samples in accordance with the setup that was
mentioned, and there were a total 1,612 experiments for all 62
drugs. The prediction ability was measured by AUC, accuracy, and
F1 score. We compared our model with four classic methods,
including neural net, nearest neighbor, SVM, and random forest.
The overall result of the comparison between HiRAND and other
methods was shown in Table 1. For an experiment, the result was
labeled “Win” if the AUC of HIRAND was more than that of the
control method and the difference was statistically significant.
Similarly, the result was labeled “Tie” if the difference was not
statistically significant, and it was labeled “Loss” if HiRAND
performed worse than the control number. With these three
measures, the HIRAND model won most of the pairwise
comparisons (Table 1).

In the five 5-fold cross-validation experiments, HIRAND
achieved satisfactory performance; the average AUC keeps
improving as labeled samples were added, especially in cases of very
few labeled data (Figure 3A). In the meantime, the prediction AUC of
HiRAND is consistently higher than that of compared methods.
Furthermore, we demonstrated the prediction presentation of
models on each compound separately. As seen from Figure 3B, for
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FIGURE 2
The performance of the HIRAND method on the simulation data. (A) The AUC of HIRAND and baseline models over all of the experiments on the
simulation data. (B) The influence of graph convolution step size on the AUC. (C) The influence of data augmentation on the AUC. (D) The gene
selection performance of HIRAND, where red represented differential variables and gray represented non-differential variables.

some compounds like GW441758, no method can appear workable to
complete the classification, which suggests that the gene expression
information is insufficient for predicting the response of this
compound. Notably, we found that some drugs involving vorinostat
and temozolomide showed much higher AUC (>0.8) compared to
other compounds, suggesting that the gene expression data can be
used for pretreatment screening of patient candidates to these drugs.
As expected, the AUC of HIRAND was consistently higher than the
baseline models throughout the 62 drug predictions. Furthermore, we
grouped the compounds by therapeutic target based on the drug-
target profiles and explored the drug response predictable using the
gene expression data (Figure 3C). We found that the response of
IGFR pathway-related drugs showed the worst performance,
including the BMS-536924 compound. Conversely, the histone
deacetylase (HDAC)-related drugs, such as vorinostat, obtained the

TABLE 1 Performance comparison of HIRAND and competitive methods.

highest AUC. For demonstrating the AUC comparison between
HiRAND and four compared methods in the individual drug in
more detail, we plotted the heatmap, where red, white, and blue
represented HiRAND win, tie, and lose separately. As Figure S2
showed, HIRAND maintained its competitive advantage in most
cases. So did results in accuracy (Figure S3) and F1 score (Figure
S4), which further confirmed the discriminatory capacity of
our method.

Ablation experiments on drug
response prediction

We selected the best AUC performance for the top five drugs,
including vorinostat, temozolomide, methotrexate, vinblastine, and

AUC F1 Accuracy
Neural Nearest SVM  Random  Neural Nearest SVM Random  Neural Nearest SVM  Random
Net Neighbor Forest Net Neighbor Forest Net Neighbor Forest
Win® 833 ‘ 1196 1222 ‘ 1220 1182 ‘ 1570 1286 1294 655 ‘ 1263 1193 1197
Loss® 1 ‘ 0 2 ‘ 4 0 ‘ 0 11 3 2 ‘ 3 9 5
Tie® 778 ‘ 416 388 ‘ 388 430 ‘ 42 315 315 955 ‘ 346 410 410

*Win represented that the performance of HIRAND was better than that of the competitive method.
“Loss represented that the performance of HIRAND was worse than that of the competitive method.

“Tie represented that the performance of HIRAND was equal to that of the competitive method.
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FIGURE 3

The predictive performance of HIRAND on drug response data. (A) The plot showed the average model AUC across all of the drug response models
trained by different labeled samples. We considered the number of labeled samples from 2 to 20 as the first test level and from 30 to 210 as the second
test level. The AUC of HIRAND was displayed separately for each drug (B) and target pathway (C).

nilotinib, to conduct ablation studies on HiRAND to investigate the
contribution of different parts of our model. The information of the
cell line that engaged in model building for the top drugs was
summarized as Figure S5.

Firstly, to explore the role of step size in sample graph
convolution, we designed two experimental studies on different step
sizes. Consistent with the simulation experiment result, HIRAND
with 1 step size was markedly more accurate than HiRAND with 3
step sizes, especially with a small number of labels (Figure 4A). For
sample graph convolution, the effect of first-order neighbors on a
special node is enough; inclusion of multi-order neighbor information
may increase the risk of information bias, which hampered the sample
classification. In addition, to further explore the role of data
augmentation strategy in classification, we completed an ablation
experiment in which we deleted the data augmentation layer from
HiRAND. Although the advantage of data augmentation disappeared
when the labeled sample size was more than 120, we observed
significant improvements during training on very few labeled data
(Figure 4B). The data augmentation was carried out depending on the
sample graph convolution (propagation) and mask matrix and
integrating information from neighbors. During the data
augmentation process, the bias can be instilled into model
construction inevitably. As we all know, data augmentation
promoted the diversification of the input data to some extent and
optimized the classification performance. During training with very
few labeled samples, the bias is tolerable because of alleviating the
dilemma in limited labeled samples. However, the information
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carried by amounts of labeled data is enough to distinguish distinct
classes when more labeled samples were involved in model building;
the data augmentation highlights the disadvantage of the bias. To
investigate the effects of activation functions on prediction
performance, we trained the model with Relu and Tanh (default
setting) functions separately. The results also indicated that different
activation functions had little effect on the result of HIRAND (Figure
S6A). To explore the function of various numbers of MLP hidden
layers, we compared the performance of default setting HiRAND
[128, 32] to another MLP layer setting, including MLP hidden units
[64, 32] and MLP hidden units [128,64,32]. As Figure S6B showed, all
comparisons ended in a tie. In addition, 129 comparisons ended in a
tie, and one comparison ended in a win (Figure S6C). Therefore, we
speculated that different MLP layer settings might have little influence
on the performance of HIRAND.

Then, we compared our model with other semi-supervised
methods, including AffinityNet (32) and HiGCN (33). The average
prediction AUC over the 5-fold is used as the final performance
measure. As Figures 4C, D showed, HIRAND achieved higher AUC
than all other methods, especially when the amount of labeled data is
limited. Clearly, as the number of labeled data increased, the AUC gap
between HiRAND and contrast semi-supervised method gradually
narrowed. We noted that AffinityNet and HiGCN could achieve
remarkable AUC performance using large quantities of labeled data,
even exceeding the AUC of HIRAND. Once again, our results verified
that the data augmentation strategy does not entail a direct prediction
advantage when a lot of labeled samples were treated as the training
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The ablation studies for examining the contributions of different components in HIRAND. (A) The AUC comparison of different convolution step lengths;
red line and blue line represented the one step and three steps, respectively. (B) The AUC comparison of data augmentation; red line and green line
represented the training with and without data augmentation. The contrast results of HIRAND and (C) HiGCN and (D) AffinityNet across five drugs.

Red, white, and blue represented HIRAND win, tie, and loss in the comparison, respectively.

set because the disadvantage of introducing noise into the model
covered the advantage of enhancing the data diversity.

HIiRAND selected the important genes for
predicting drug response

In this section, we paid more attention to the role of selected genes
by HiRAND. We investigated the important genes selected depending
on the vorinostat response prediction, which had the best predicted
results. Vorinostat, a histone deacetylase inhibitor (HDI), promotes
cell cycle arrest (34). In the past decade, proteomic analyses have
revealed that non-histone proteins are frequently acetylated and
constitute a major portion of the acetylome in mammalian cells
(Figure 5A). Indeed, non-histone protein acetylation is involved in
key cellular processes relevant to physiology and disease, such as gene
transcription, DNA damage repair, cell division, signal transduction,
protein folding, autophagy, and metabolism (35). Xu et al. (36) found
that acetylation of ribosomal proteins likely improved their stability
and possibly translational efficiency of ribosomes. We completed five
repeated experiments trained by 20 labeled samples to select the top
50 genes based on important scores. As Figure 5B showed, 29 genes
appeared in all five experiments and were defined as the key genes for
vorinostat. The correlation analysis for the 29 key genes with IC50
value was shown in Figure 5C. We found that 23/29 genes belong to
the ribosomal protein (RP) gene family, in which 22 RP genes were
negatively correlated with IC50 value, and the strongest correlation
value was -0.39. These results validated our hypothesis that ribosomal
protein was acetylated under the influence of vorinostat to accelerate
translation efficiency, which exerts a beneficial effect on survival. The
overexpression of most genes in the lower IC50 value (Figure 5D) is
consistent with our hypothesis. Moreover, we plotted the top 15
pathways depending on the Gene Ontology (GO) analysis (Figure 5E)
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of the 29 key genes, and most pathways were involved in translation
and protein anchoring. These results reaffirmed our hypothesis and
showed the gene selection capability of HiRAND. In addition, the
relationship between vorinostat and ribosome was also confirmed in
the published literature. The GO analysis showed that the active
probe-binding proteins were highly enriched in the translation
elongation and ribosome-associated pathways, and the probe was
designed by connecting HDIs (such as vorinostat) (37). Marks (38)
reported that the vorinostat-related acetylation sites were identified
on proteins that regulate ribosome formation and function. Houston
et al. (39) demonstrated that acetyl-CoA depletion alters the integrity
of the nucleolus, impairing ribosomal RNA synthesis. This nucleolar
remodeling appears to be mediated through the HDACs (39). Overall,
these further validate our result of the 29 key genes.

Discussion

Ranging from drug research and development (R&D) to precision
medicine, obtaining the prognosis and treatment response labels of
patients is often difficult and expensive. In this paper, we developed
HiRAND, the GCN-based deep learning method for drug response
prediction that enabled semi-supervised classification and feature
selection using very few labeled data. One of the highlights of
HiRAND is aggregating the information from both gene graph
spatial and sample graph spatial simultaneously. Another major
contribution is achieving data augmentation in the expression
profile and overcoming the dilemma of the limited labeled sample
size. Overall, our method performs significantly better than other
competitive methods on the 5-fold cross-validation experiments,
whether in multiple drug response predictions and translation
scenarios. Notably, the advantage of HiRAND becomes more
pronounced, especially in models trained using few labeled samples.
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The HIRAND interpretation to identify predictive markers. (A) Schematic representation of acetylation sites. (B) The intersections of genes across five
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heatmap of the gene expression of the 29 predictive markers. (E) GO analysis results of the 29 predictive markers.

This paper provided a new idea for the exploration of predicting
drug response using very few labeled data. Along this line of thinking,
future research could focus on designing updated model versions to
speed up the clinical application process (i.e., transferring the cell line to
patient level). Ideas like the HIRAND method might be expected to
work well in the clinical scenario. Traditional randomized drug-
centered clinical trials are cumbersome, costly, and require large
numbers of patients to demonstrate a clinical benefit (40).
Computer-aided methods could help obtain and analyze information
from various data sources and generate statistically valid drug
sensitivity prediction models at all stages of drug development (41).
A semi-supervised method allows us to overcome the problem of a
small labeled sample size in this process and provides constructive
advice for next stage study. Thus, the clinical success rates could
improve by optimizing targeted therapy selection, patient enrollment,
and stratification (42, 43). Further clinical trials lie in moving from
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drug-centric to patient-centric individualized combination therapy. A
second compelling application is in clinical contexts seeking to
implement precision medicine for individual patients. The strategy of
matching drugs to patients on the basis of molecular features should
begin earlier in the disease progression (i.e., to identify the right drug
for the right patient). Classic predictive models have been shown to
have limited predictive power for these two cases because of an inability
to obtain large samples of well-characterized clinical data, which are the
expression profiles matched with the outcome label like drug response.
Our approach is one way of overcoming the problem of small labeled
sample sizes and low reliability inherent to previous precision medicine
and drug R&D studies. We can select the more precise candidates for a
certain treatment using HiRAND, and the cure rate will hopefully
increase. On the other hand, the time frame from development to
routine clinical may be shortened to enhance the pace of drug discovery
and development using the HIRAND method.
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At present, studies have shown that HDACs can influence a
multitude of physiological pathways in different cells. HDACs
regulate non-histone proteins [adhesion proteins (44), transcription
factors (45), cellular proteins (46), DNA-repair proteins (47), and cell
signaling and viral proteins (48)] according to their acetylation state.
HDIs (such as vorinostat) selectively modulate gene transcription
through the changes in the structure of proteins involved in the
transcriptional machinery. Vorinostat is the first-generation HDAC
pan-inhibitor belonging to the hydroxamic acid group of HDIs
approved by the Food and Drug Administration (FDA) (49). It has
been demonstrated that vorinostat showed the antiproliferative
activity of human cancer cell lines, including lung cancer (50),
ovarian cancer (51), breast cancer (52), skin cancer (53), and so on.
In this paper, we screened 29 key genes related to vorinostat using our
HiRAND. After performing enrichment analysis for 29 key genes, we
speculated that vorinostat might exert its activity by acting on the
acetylation of non-histone (ribosomal proteins). This hypothesis will
require a future investigation.

From the results of the ablation experiments, the multiple graph
data augmentation strategy alleviated the low-sample size problem to
some extent, based on which we utilized consistency regularization to
improve the model’s generalization on unlabeled data. As expected,
data augmentation made the performance better compared to standard
networks trained without data augmentation. Extensive data
augmentation was performed to overcome the limitation of our
training data (54). Data augmentation was critical to avoid overfitting
and maximize the generalization accuracy to unseen data (55). Thus,
data augmentation can achieve good results not only in image
identification but also in molecular pattern recognition. Secondly, the
weight matrix in the gene graph convolutional contributed to the gene
selection and improved the prediction performance. Moreover, we also
observed that drug responses that target some pathways were better
predicted than others, such as the response of the chromatin histone
acetylation-related drug was predicted well. The reason was input data
were obtained with the mRNA expression profile in the present study,
which was insufficient to predict drug response for some compounds. A
worthy future direction would be to enrich the input data by applying
the fusion method for knowledge integration from multi-omics data.
Another direction would be to better understand the relationship
between the predictability of a drug and pharmacological properties,
including the regulatory mechanism of drug targets and signaling
pathways. After refining the input data, HIRAND will potentially
predict the response of more drugs precisely.

To sum up, we introduced the HiRAND semi-supervised deep
learning framework that can serve as an application for drug response
prediction using few labeled samples. Meanwhile, the model could be
used in the future to stratify patients based on the learned
classification features, providing an important analysis tool for
future applications in precision oncology and beyond.

Conclusion

We proposed a novel semi-supervised framework HiRAND to
predict the responders of treatment in precision medicine. By
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integrating information from both feature graphs and sample
graphs, HIRAND clearly outperformed existing methods and
demonstrated its capability in personal treatment decision-making.
Not only this, this model is helpful for discovering outcome-oriented
biomarkers by incorporating a trainable weight matrix. In addition,
we introduced a data augmentation strategy into molecular biology to
augment the biodata and overcome the small labeled sample size
limitation. Our future effort will focus on considering more omics
data into model building and increasing the performance toward
biomarker discovery.

Data availability statement

The original contributions presented in the study are included in
the article/Supplementary Material. Further inquiries can be directed
to the corresponding authors.

Author contributions

Conceptualization: YH and KL; Methodology: YH, ZR, LZ, ZX, J],
JH, WL; Supervision: KL, YH; Writing: YH; Review & editing: all; Code
writing: YH, ZR, and LZ; Validation: YH, ZR, LZ, ZX. All authors
contributed to the article and approved the submitted version.

Funding

This work was supported by the National Natural Science
Foundation of China (project number 81773551) and the National
Natural Science Foundation of China (project number 81973149).

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fonc.2023.1047556/
full#supplementary-material

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fonc.2023.1047556/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fonc.2023.1047556/full#supplementary-material
https://doi.org/10.3389/fonc.2023.1047556
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Huang et al.

References

1. Laksman Z, Detsky AS. Personalized medicine: Understanding probabilities and
managing expectations. ] Gen Intern Med (2011) 26:204-6. doi: 10.1007/s11606-010-1515-6

2. Hamid O, Robert C, Daud A, Hodi FS, Hwu W], Kefford R, et al. Five-year survival
outcomes for patients with advanced melanoma treated with pembrolizumab in
KEYNOTE-001. Ann Oncol (2019) 30:582-8. doi: 10.1093/annonc/mdz011

3. Middleton G, Fletcher P, Popat S, Savage J, Summers Y, Greystoke A, et al. The
national lung matrix trial of personalized therapy in lung cancer. Nature (2020) 583:807—
12. doi: 10.1038/s41586-020-2481-8

4. Soufiane B, Frederic JS. The great escape: tumour cell plasticity in resistance to targeted
therapy. Nat Rev Drug Discov (2020) 19:39-56. doi: doi. 10.1038/s41573-019-0044-1

5. Janku F. Tumor heterogeneity in the clinic: is it a real problem? Ther Adv Med Oncol
(2014) 6:43-51. doi: 10.1177/1758834013517414

6. MacEachern SJ, Forkert ND. Machine learning for precision medicine. Genome
(2021) 64:416-25. doi: 10.1139/gen-2020-0131

7. David L, Bastian S, Derek L, Antje S, Elisabeth L, Livnat J. Integrative molecular and
clinical modeling of clinical outcomes to PDI blockade in patients with metastatic
melanoma. Nat Med. (2019) 25(12):1916-27. doi: doi. 10.1038/s41591-019-0654-5

8. Meta-analysis of tumor- and T cell-intrinsic mechanisms of sensitization to
checkpoint inhibition. (Accessed October 5, 2022).

9. Johannet P, Coudray N, Donnelly DM, Jour G, Illa-Bochaca I, Xia Y, et al. Using
machine learning algorithms to predict immunotherapy response in patients with advanced
melanoma. Clin Cancer Res (2021) 27:131-40. doi: 10.1158/1078-0432.CCR-20-2415

10. Bychkov D, Linder N, Turkki R, Nordling S, Kovanen PE, Verrill C, et al. Deep
learning based tissue analysis predicts outcome in colorectal cancer. Sci Rep (2018) 8:3395.
doi: 10.1038/s41598-018-21758-3

11. Lou B, Doken S, Zhuang T, Wingerter D, Gidwani M, Mistry N, et al. An image-
based deep learning framework for individualizing radiotherapy dose. Lancet Digit Health
(2019) 1:e136-47. doi: 10.1016/52589-7500(19)30058-5

12. Kim H, Goo JM, Lee KH, Kim YT, Park CM. Preoperative CT-based deep learning
model for predicting disease-free survival in patients with lung adenocarcinomas.
Radiology (2020) 296:216-24. doi: 10.1148/radiol.2020192764

13. Predicting cancer outcomes from histology and genomics using convolutional
networks. (Accessed October 5, 2022).

14. Chaudhary K, Poirion OB, Lu L, Garmire LX. Deep learning-based multi-omics
integration robustly predicts survival in liver cancer. Clin Cancer Res (2018) 24:1248-59.
doi: 10.1158/1078-0432.CCR-17-0853

15. Korfiatis P, Kline TL, Lachance DH, Parney IF, Buckner JC, Erickson BJ. Residual
deep convolutional neural network predicts MGMT methylation status. ] Digit Imaging
(2017) 30:622-8. doi: 10.1007/s10278-017-0009-z

16. Hao J, Kim Y, Kim T-K, Kang M. PASNet: pathway-associated sparse deep neural
network for prognosis prediction from high-throughput data. BMC Bioinf (2018) 19:510.
doi: 10.1186/512859-018-2500-z

17. Sun D, Wang M, Li A. A multimodal deep neural network for human breast cancer
prognosis prediction by integrating multi-dimensional data. IEEE/ACM Trans Comput
Biol Bioinf (2019) 16:841-50. doi: 10.1109/TCBB.2018.2806438

18. Bhinder B, Gilvary C, Madhukar NS, Elemento O. Artificial intelligence in cancer
research and precision medicine. Cancer Discovery (2021) 11:900-15. doi: 10.1158/2159-
8290.CD-21-0090

19. Lee D-H. Pseudo-Label: The simple and efficient semi-supervised learning method
for deep neural networks. Computer Science (2013) 6.

20. Das J, Yu H. HINT: High-quality protein interactomes and their applications in
understanding human disease. BMC Syst Biol (2012) 6:92. doi: 10.1186/1752-0509-6-92

21. Berthelot D, Carlini N, Goodfellow I, Papernot N, Oliver A, Raffel CA. MixMatch: A
holistic approach to semi-supervised learning, in: Advances in neural information processing
systems (2019). Curran Associates, Inc. Available at: https://proceedings.neurips.cc/paper/
2019/hash/1cd138d0499a68f4bb72bee04bbec2d7-Abstract.html (Accessed June 21, 2022).

22. Zhang H, Cisse M, Dauphin YN, Lopez-Paz D. Mixup: Beyond empirical risk
minimization (2018). Available at: http://arxiv.org/abs/1710.09412 (Accessed June 21, 2022).

23. Krizhevsky A, Sutskever I, Hinton GE. ImageNet classification with deep
convolutional neural networks, in: Advances in neural information processing systems
(2012). Curran Associates, Inc. Available at: https://proceedings.neurips.cc/paper/2012/
hash/c399862d3b9d6b76c8436e924a68c45b-Abstract.html (Accessed June 21, 2022).

24. Sabes PN, Jordan MI. Advances in neural information processing systems. In: Tesauro
G, Touretzky D, Leed T, editors. Advances in neural information processing systems (1995).

25. Maharana K, Mondal S, Nemade B. A review: Data pre-processing and data
augmentation techniques. Global Transitions Proc (2022) 3:91-9. doi: 10.1016/j.gltp.2022.04.020

26. Laine S, Aila T. Temporal ensembling for semi-supervised learning. ICLR (2017).
doi: 10.48550/arXiv.1610.02242.

27. Sajjadi M, Javanmardi M, Tasdizen T. Regularization with stochastic transformations and
perturbations for deep semi-supervised learning, in: Advances in neural information processing
systems (2016). Curran Associates, Inc. Available at: https://proceedings.neurips.cc/paper/2016/
hash/30ef30b64204a3088a26bc2e6ect7602-Abstract.html (Accessed June 21, 2022).

28. Grandvalet Y, Bengio Y. Semi-supervised learning by entropy minimization, in:
Advances in neural information processing systems (2004). MIT Press. Available at: https://

Frontiers in Oncology

1

10.3389/fonc.2023.1047556

papers.nips.cc/paper/2004/hash/96f2b50b5d3613adf9c27049b2a888c7-Abstract.html
(Accessed June 21, 2022).

29. Wang B, Mezlini AM, Demir F, Fiume M, Tu Z, Brudno M, et al. Similarity
network fusion for aggregating data types on a genomic scale. Nat Methods (2014)
11:333-7. doi: 10.1038/nmeth.2810

30. Srivastava N, Hinton G, Krizhevsky A, Sutskever I, Salakhutdinov R. Dropout: A simple
way to prevent neural networks from overfitting. Mach. Learn. Res. (2014) 15(1):1929-58.

31. Emergence of scaling in random networks (Accessed June 23, 2022).

32. Ma T, Zhang A. AffinityNet: semi-supervised few-shot learning for disease type
prediction (2018). Available at: http://arxiv.org/abs/1805.08905 (Accessed August 29, 2022).

33. Tan K, Huang W, Liu X, Hu J, Dong S. A hierarchical graph convolution network
for representation learning of gene expression data. IEEE ] BioMed Health Inform (2021)
25:3219-29. doi: 10.1109/JBHI.2021.3052008

34. Xue K, Gu JJ, Zhang Q, Mavis C, Hernandez-Ilizaliturri FJ, Czuczman MS, et al.
Vorinostat, a histone deacetylase (HDAC) inhibitor, promotes cell cycle arrest and re-
sensitizes rituximab- and chemo-resistant lymphoma cells to chemotherapy agents. J
Cancer Res Clin Oncol (2016) 142:379-87. doi: 10.1007/s00432-015-2026-y

35. Narita T, Weinert BT, Choudhary C. Functions and mechanisms of non-histone
protein acetylation. Nat Rev Mol Cell Biol (2019) 20:156-74. doi: 10.1038/s41580-018-0081-3

36. Xu Q, Liu Q, Chen Z, Yue Y, Liu Y, Zhao Y, et al. Histone deacetylases control
lysine acetylation of ribosomal proteins in rice. Nucleic Acids Res (2021) 49:4613-28.
doi: 10.1093/nar/gkab244

37. Li W, Sun Z. Mechanism of action for HDAC inhibitors-insights from omics
approaches. Int ] Mol Sci (2019) 20:1616. doi: 10.3390/ijms20071616

38. Marks PA. The clinical development of histone deacetylase inhibitors as targeted anticancer
drugs. Expert Opin Invest Drugs (2010) 19:1049-66. doi: 10.1517/13543784.2010.510514

39. Houston R, Sekine S, Calderon M]J, Seifuddin F, Wang G, Kawagishi H, et al.
Acetylation-mediated remodeling of the nucleolus regulates cellular acetyl-CoA
responses. PloS Biol (2020) 18:¢3000981. doi: 10.1371/journal.pbio.3000981

40. Bhatt DL, Mehta C. Adaptive designs for clinical trials. N Engl ] Med (2016)
375:65-74. doi: 10.1056/NEJMral510061

41. Applications of machine learning in drug discovery and development. Nat Rev
Drug Discovery. (2019) 18(6):463-77. doi: 10.1038/s41573-019-0024-5

42. Bridging the translational innovation gap through good biomarker practice. Nat
Rev Drug Discovery. (2017) 16(9):587-8. doi: 10.1038/nrd.2017.72

43. Biomarkers as drug development tools: discovery, validation, qualification and use.
Nat Rev Rheumatol. (2018) 14(6):354-62. doi: 10.1038/s41584-018-0005-9

44. Makarevic ], Rutz J, Juengel E, Maxeiner S, Mani J, Vallo S, et al. HDAC inhibition
counteracts metastatic re-activation of prostate cancer cells induced by chronic mTOR
suppression. Cells (2018) 7:129. doi: 10.3390/cells7090129

45. Zhang L-Z, Yang J-E, Luo Y-W, Liu F-T, Yuan Y-F, Zhuang S-M. A p53/Inc-Ip53
negative feedback loop regulates tumor growth and chemoresistance. Adv Sci (2020)
7:2001364. doi: 10.1002/advs.202001364

46. Milazzo FM, Vesci L, Anastasi AM, Chiapparino C, Rosi A, Giannini G, et al.
ErbB2 targeted epigenetic modulation: Anti-tumor efficacy of the ADC trastuzumab-
HDACI ST8176AA1. Front Oncol (2020) 9:1534. doi: 10.3389/fonc.2019.01534

47. Gong P, Wang Y, Jing Y. Apoptosis induction byHistone deacetylase inhibitors in
cancer cells: Role of Ku70. Int ] Mol Sci (2019) 20:1601. doi: 10.3390/ijms20071601

48. Barber MF, Michishita-Kioi E, Xi Y, Tasselli L, Kioi M, Moqtaderi Z, et al. SIRT7
links H3K18 deacetylation to maintenance of oncogenic transformation. Nature (2012)
487:114-8. doi: 10.1038/nature11043

49. Mann BS, Johnson JR, Cohen MH, Justice R, Pazdur R. FDA Approval summary:
Vorinostat for treatment of advanced primary cutaneous T-cell lymphoma. Oncol (2007)
12:1247-52. doi: 10.1634/theoncologist.12-10-1247

50. You BR, Park WH. Suberoylanilide hydroxamic acid induces thioredoxinl-
mediated apoptosis in lung cancer cells via up-regulation of miR-129-5p. Mol
Carcinogene (2017) 56:2566-77. doi: 10.1002/mc.22701

51. Modesitt SC, Sill M, Hoffman JS, Bender DP. A phase I study of vorinostat in the treatment
of persistent or recurrent epithelial ovarian or primary peritoneal carcinoma: A gynecologic
oncology group study. Gynecol Oncol (2008) 109:182-6. doi: 10.1016/j.ygyno.2008.01.009

52. Wawruszak A, Borkiewicz L, Okon E, Kukula-Koch W, Afshan S, Halasa M.
Vorinostat (SAHA) and breast cancer: An overview. Cancers (2021) 13:4700. doi: 10.3390/
cancers13184700

53. Scheolnik-Cabrera A, Dominguez-Gomez G, Duefas-Gonzalez A. Comparison of
DNA demethylating and histone deacetylase inhibitors hydralazine-valproate versus
vorinostat-decitabine incutaneous t-cell lymphoma in HUT78 cells. American journal
of blood research. (2018) 8(2):5.

54. Devalla SK, Renukanand PK, Sreedhar BK, Subramanian G, Zhang L, Perera S,
et al. DRUNET: a dilated-residual U-net deep learning network to segment optic nerve
head tissues in optical coherence tomography images. BioMed Opt Express (2018) 9:3244—
65. doi: 10.1364/BOE.9.003244

55. Predicting 3D genome folding from DNA sequence with akita. Nat Methods.
(2020) 17(11):1111-7. doi: 10.1038/s41592-020-0958-x

frontiersin.org


https://doi.org/10.1007/s11606-010-1515-6
https://doi.org/10.1093/annonc/mdz011
https://doi.org/10.1038/s41586-020-2481-8
https://doi.org/doi. 10.1038/s41573-019-0044-1
https://doi.org/10.1177/1758834013517414
https://doi.org/10.1139/gen-2020-0131
https://doi.org/doi. 10.1038/s41591-019-0654-5
https://doi.org/10.1158/1078-0432.CCR-20-2415
https://doi.org/10.1038/s41598-018-21758-3
https://doi.org/10.1016/S2589-7500(19)30058-5
https://doi.org/10.1148/radiol.2020192764
https://doi.org/10.1158/1078-0432.CCR-17-0853
https://doi.org/10.1007/s10278-017-0009-z
https://doi.org/10.1186/s12859-018-2500-z
https://doi.org/10.1109/TCBB.2018.2806438
https://doi.org/10.1158/2159-8290.CD-21-0090
https://doi.org/10.1158/2159-8290.CD-21-0090
https://doi.org/10.1186/1752-0509-6-92
https://proceedings.neurips.cc/paper/2019/hash/1cd138d0499a68f4bb72bee04bbec2d7-Abstract.html
https://proceedings.neurips.cc/paper/2019/hash/1cd138d0499a68f4bb72bee04bbec2d7-Abstract.html
http://arxiv.org/abs/1710.09412
https://proceedings.neurips.cc/paper/2012/hash/c399862d3b9d6b76c8436e924a68c45b-Abstract.html
https://proceedings.neurips.cc/paper/2012/hash/c399862d3b9d6b76c8436e924a68c45b-Abstract.html
https://doi.org/10.1016/j.gltp.2022.04.020
https://doi.org/10.48550/arXiv.1610.02242
https://proceedings.neurips.cc/paper/2016/hash/30ef30b64204a3088a26bc2e6ecf7602-Abstract.html
https://proceedings.neurips.cc/paper/2016/hash/30ef30b64204a3088a26bc2e6ecf7602-Abstract.html
https://papers.nips.cc/paper/2004/hash/96f2b50b5d3613adf9c27049b2a888c7-Abstract.html
https://papers.nips.cc/paper/2004/hash/96f2b50b5d3613adf9c27049b2a888c7-Abstract.html
https://doi.org/10.1038/nmeth.2810
http://arxiv.org/abs/1805.08905
https://doi.org/10.1109/JBHI.2021.3052008
https://doi.org/10.1007/s00432-015-2026-y
https://doi.org/10.1038/s41580-018-0081-3
https://doi.org/10.1093/nar/gkab244
https://doi.org/10.3390/ijms20071616
https://doi.org/10.1517/13543784.2010.510514
https://doi.org/10.1371/journal.pbio.3000981
https://doi.org/10.1056/NEJMra1510061
https://doi.org/10.1038/s41573-019-0024-5
https://doi.org/10.1038/nrd.2017.72
https://doi.org/10.1038/s41584-018-0005-9
https://doi.org/10.3390/cells7090129
https://doi.org/10.1002/advs.202001364
https://doi.org/10.3389/fonc.2019.01534
https://doi.org/10.3390/ijms20071601
https://doi.org/10.1038/nature11043
https://doi.org/10.1634/theoncologist.12-10-1247
https://doi.org/10.1002/mc.22701
https://doi.org/10.1016/j.ygyno.2008.01.009
https://doi.org/10.3390/cancers13184700
https://doi.org/10.3390/cancers13184700
https://doi.org/10.1364/BOE.9.003244
https://doi.org/10.1038/s41592-020-0958-x
https://doi.org/10.3389/fonc.2023.1047556
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

	HiRAND: A novel GCN semi-supervised deep learning-based framework for classification and feature selection in drug research and development
	Introduction
	Methods
	The overall structure of HiRAND
	Gene selection
	Data augmentation
	MLP for prediction
	Consistency regularization
	Loss function

	Results
	The performance of HiRAND on the simulation data
	HiRAND provided a competitive performance in drug response prediction
	Ablation experiments on drug response prediction
	HiRAND selected the important genes for predicting drug response

	Discussion
	Conclusion
	Data availability statement
	Author contributions
	Funding
	Supplementary material
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice




