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ARTICLE INFO ABSTRACT
Keywords: Anti-tumor drug efficacy prediction poses an unprecedented challenge to realizing personalized
Drug efficacy prediction medicine. This paper proposes to predict personalized anti-tumor drug efficacy based on clinical

Clinical data
Text mining
Clinical decision-making

data. Specifically, we encode the clinical text as numeric vectors featured with hidden topics for
patients using Latent Dirichlet Allocation model. Then, to classify patients into two classes,
responsive or non-responsive to a drug, drug efficacy predictors are established by machine
learning based on the Latent Dirichlet Allocation topic representation. To evaluate the proposed
method, we collected and collated clinical records of lung and bowel cancer patients treated with
platinum. Experimental results on the data sets show the efficacy and effectiveness of the pro-
posed method, suggesting the potential value of clinical data in cancer precision medicine. We
hope that it will promote the research of drug efficacy prediction based on clinical data.

1. Introduction

Cancer, as malignant tumor, has become one of the leading causes of death in the global population [1]. The numbers of new cases
and deaths of cancer every year remain high over past decades [2]. Conventional cancer treatment strategies, which typically treat the
same disease with the same treatment, often result in unsatisfactory outcomes with severe toxic side effects in patients due to indi-
vidual variability [3]. Therefore, it has become a clinically urgent need to predict drug efficacy in individual cancer patients for
precision treatment.

Currently, most of drug efficacy prediction researches are based on expensive genomics data. As we know, two international large-
scale research projects, Cancer Cell Line Encyclopedia (CCLE) [4] and Genomics of Drug Sensitivity in Cancer (GDSC) [5], have been
realized and released genomics data, such as transcription and methylation profiles, with sensitivity assays to drugs. Following this, Li
et al. [6] used gene expression data to do “sensitive-resistant” binary prediction of cell lines to anti-tumor drugs with the help of
Support Vector Machines (SVMs). Bai et al. [7] studied how to combine gene sequencing data and drug information and developed a
dual input and dual output deep convolutional neural network (CNN) to predict drug sensitivity. Li et al. [8] proposed DeepDSC model,

* Corresponding author.
E-mail addresses: 592745039@qq.com (X. Xie), 2117605767 @qq.com (D. Li), 466691678@qq.com (Y. Pei), juway@126.com (W. Zhu),
xdongdu@hfuu.edu.cn (X. Du), 63561783@qq.com (X. Jiang), zhanglei6@126.com (L. Zhang), hqwangl126@126.com (H.-Q. Wang).

https://doi.org/10.1016/j.heliyon.2024.e27300
Received 6 March 2023; Received in revised form 27 February 2024; Accepted 27 February 2024

Available online 4 March 2024
2405-8440/© 2024 Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/).


mailto:63561783@qq.com
mailto:63561783@qq.com
mailto:63561783@qq.com
mailto:juway@126.com
mailto:xdongdu@hfuu.edu.cn
mailto:63561783@qq.com
mailto:zhanglei6@126.com
mailto:hqwang126@126.com
www.sciencedirect.com/science/journal/24058440
https://www.cell.com/heliyon
https://doi.org/10.1016/j.heliyon.2024.e27300
https://doi.org/10.1016/j.heliyon.2024.e27300
https://doi.org/10.1016/j.heliyon.2024.e27300
http://creativecommons.org/licenses/by-nc-nd/4.0/

X. Xie et al. Heliyon 10 (2024) e27300

which takes gene expression and chemical features of drugs together as inputs to regress the half maximal inhibitory concentration
(IC50) value in cells. In addition, Fang et al. [9] designed a quantile regression forest-based method for drug efficacy prediction and ran
it on multi-omics data including gene expression, mutation status, and copy number variations. Although these works have made
progress, nowadays, drug efficacy prediction still remains unsolved in clinic due to complex clinical and/or medical factors.

Compared with genomic data, clinic data, including patients’ biological attributes, clinical and pathological features, chemical
tests, radiology examination, etc., are inexpensive and very large in amount. Especially, as imaging technology, including Computed
tomography (CT), B-mode ultrasound (BU), Magnetic Resonance Imaging (MRI), etc., has advanced rapidly in both imaging capability
and data quality, radiology examination is playing an increasingly important role in tumor diagnosis and treatment [12]. Generally,
they can provide rich morphological and pathological information of tumors in patients, which greatly help understand the patient’s
lesion condition and treatment response pattern. For example, CT imaging, widely used during the detection and diagnosis of tumors,
visualizes the lesion and surrounding structures of cancer tissues, and the range of applications covers various organ systems
throughout the body. Wang et al. [13] analyzed CT images to predict the prognosis of EGFR-TKI treatment and screened out the benefit
population of targeted therapy. MRI is equally widely used like CT, and its application covers tumors mainly in various tissue systems,
such as head, thorax, abdomen and pelvis. Compared with CT, MRI is especially useful in quantitatively understanding the functional
and compositional changes of lesions. Zhu et al. [14] extracted high-dimensional features from MRI images and, with the help of
machine learning, probed into the overall heterogeneity of tumors. Results demonstrated the usage of MRI image in predicting the
efficacy and prognosis of neoadjuvant chemotherapy in cancer. BU is featured with probing the superficial and abdominopelvic region,
and by scanning with many angles, it can identify cystic solid lesions with high diagnostic sensitivity [15]. Recently, Dercle et al. [11]
analyzed radiomic signatures by machine learning for predicting the response and survival of metastatic colorectal cancer patients
treated with agents targeting the EGFR pathway, achieving satisfactory prediction performance.

Clinically, the vast majority of the imaging-based examination results are recorded in electronic medical records (EMRs) in an
unstructured text format. As we known, EMRs have become widely available in hospitals these years, which have led to the generation
of clinical data (including the imaging examination reports) over the past decades [10]. Generally, the data are directly delivered to
physicians for manually making clinical diagnosis and treatment decision on cancer patients. Especially, the radiomic examination
reports, including CT, MRI and BU ones, summarized by medical technicians after reading and understanding the radiomic images, are
enriched with the medical knowledge and experience from doctors. Logically, such high-level semantic medical information would
benefit cancer precision medicine. We argue that the radiomic examination reports could provide an alternative low-cost way to
predict personalized anti-tumor drug efficacy.

In this paper, we propose to predict drug efficacy based on clinical text data and developed a machine learning method for anti-
tumor efficacy prediction. Specifically, the method mainly relies on mining the potential drug efficacy-associated patterns underlying
patients’ clinical text data of radiological examination. Generally, there are many text mining methods, e.g., association rule analysis
[16], clustering [17], etc., most of which, however, are deficient in processing irregular clinical texts [18]. Recently, powerful topic
models, e.g. Latent Dirichlet Allocation (LDA) [19], are developed featured with mining abstract topics underlying text data.
Compared with other methods, it can efficiently explore relationships hidden in complex text data by overcoming the problems of
semantic loss and data sparsity. In recent years, topic models have been used to uncover patient treatment patterns in clinical text for
some diseases. For example, Rumshisky et al. [20] trained an LDA model with 75 topics to predict the probability of readmission for
early psychiatric patients, and Zalewski et al. [21] applied topic model to assess health status for inpatients. Li et al. [22] developed
supervised topic models to predict antidepressant treatment stability. Similarly, we here employ the LDA model to analyze clinical text
data for extracting personalized disease features associated with treatment response and then construct drug efficacy machine learning
(ML) predictors based on the resulting low-dimensional representation for personalized cancer medicine.

To evaluate the proposed method, we collected from our collaborated hospital (The First Affiliated Hospital of University of Science
and Technology of China) and collated clinical records (2016-2022) of cancer patients treated with platinum. The experimental results
on the data set show that the proposed method achieved the competitive performance of drug efficacy prediction, suggesting the
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Fig. 1. Overall workflow of the proposed method (A) and the Bayesian network diagram of LDA model (B). a, the hyperparameter of the prior
Dirichlet distribution for each topic distribution; g, the hyperparameter of the prior Dirichlet distribution for each topic word distribution; 6, the
probability distribution of topics; ¢, the probability distribution of words; z, the hidden topics; w, the observable words in the document.
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potential value of clinical application. The rest of the paper is organized as follows: Section 2 presents the details of the proposed
method, including the encoding of patient clinical text data based on LDA model, the drug efficacy prediction model and the evaluation
metrics used. The experimental results are given in Section 3. Finally, the paper is concluded in Section 4.

2. Methods

Fig. 1A shows the flowchart of the drug efficacy prediction method based on clinical text data. We cleaned up the raw clinical data
of cancer patients collected from the hospitals, including data filtering and patient screening, and labeled patients with being
responsive or non-responsive to cisplatin. Specifically, we only kept patients with drug efficacy assessment, and screened patients
using following criteria: (i) patients with NSCLC and who had received first-line platinum-based chemotherapy; (ii) patients with
treatment outcome available after one or two courses of treatment. We labeled patients according to the RECIST criteria: CR, PR and SD
are classified as responsive (1) and PD as non-responsive (0). For the qualified patients, the text data were pre-processed [23] by 1)
deleting numbers and letters, 2) segmenting words and 3) deleting stop words. After the pre-processing, we built LDA model by
extracting latent topics and encoded the text documents for each patient. Finally, with the LDA representations of patients, we
employed machine learning models, including Logistic Regression (LR), k-Nearest Neighbor (KNN), Decision Tree (DT) and SVMs, to
predict the class of drug efficacy in patients. Essentially, the method mainly relies on how well to uncover the complex hidden
radiological text patterns associated with treatment outcomes.

2.1. Ethics

The study was performed in adherence with the Declaration of Helsinki and its later amendments. The study was approved by the
Ethics Committee of The First Affiliated Hospital of University of Science and Technology of China (approval no. 2021-RE-85), and the
requirement for written informed consent was waived, and the personal identifiers were removed before the data analysis.

2.2. Text mining and LDA model

LDA model is commonly used in natural language processing and text mining tasks, providing a good way to mine valuable in-
formation underlying massive text data. It can not only uncover the latent topics in document corpus by disentangling the potential
semantic relationship between documents, but also effectively reduce data dimensionality to alleviate the problem of data sparsity.
The topic model has been extensively applied to many fields such as sentiment analysis [24], topic evolution [25], text classification
[26] and biomedicine [27].

Essentially, LDA, proposed by David Blei et al. [28], can be seen as a probabilistic topic model for text mining. The basic idea behind
it is to take a document as a combination of different latent topics, each of which represents a specific distribution of words [29].
Mathematically, it mainly defines four variables: document-topic distribution 6, topic-word distribution ¢, latent topic vector z and
observable word vector w, and the probability of the observed w occurring in a document d can be written as p(w|d) = p(z|d)p(w|z). So
the LDA model can be seen as a Bayesian network with a three-layer structure: documents, topics and words, as shown in Fig. 1B.

2.3. Radiological text data encoding based on LDA

In order to characterize the lesion and pathological condition of patients before treatment, we take the radiology examination text
as a document for analysis. Assuming M patients, N observable words and K potential topics, we denote the set of patient documents as
D ={W;,W,,... Wy}, where W; = {wy,wa,...wn},i =1,2,---M, denotes the word vector of the ith patient document, and the topic set
as Z = {21,22,...,2¢}, where z (k=1,2,---,K) denotes the kth topic.

According to the dependence shown in Fig. 1B, the joint probability distribution for a patient document W can be formulated as

K
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Then, from Eq. (1), by means of integration and summation, the generation probability of W can be written as
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One can solve for the parameters a and by maximizing the log-likelihood function logp(W/|a, §) of Eq. (2). Considering the coupling
of the latent variables 6, Z and ¢, we use variational inference method [30] to approximate the true posterior distributions p(, Z, p|W,
a, ) by introducing a variational distribution q(6,Z, ¢|y,¢,1). The objective function of logp(W|a, ) can be further written as

log p(Wla, p) = L(y, »,4; @, ) + D(q(8, Z, ply, 0, VIp(6, Z, | W, @, p)) 3

where L(y, ¢, A|a, f) denotes the lower bound on the log-likelihood and D(q||p) denotes the Kullback-Leibler divergence measuring the
similarity of the two distributions.
The EM algorithm [31] is next used to solve for the optimal parameters and latent variables. Following Eq. (3), we first use
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L(y, ¢, A|a, B) to approximate the logp(W|a, ) and solve for the optimal variational parameters y, ¢, A by maximizing L(y, ¢, |a, ) in the
E step. The variational parameters y, ¢, 4 are updated according to Egs. (4)-(6).
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Then, the model parameters « and f are updated in the M step. We repeat steps E and M until convergence. Since ¢,, denotes the
probability that the nth word in the document W is generated by topic k, it is deduced that 3N , ¢, is an estimate of the number of
words generated by topic k in the document W. Then we can get the topic distribution ), of W as Eq. (7).

Oy = {Zﬁl: 19m1 > P Yot (/}nl(:|

N TN TN

)

In addition, we use perplexity as the criterion to optimize the number of hidden topics and determine the optimal number of topics by
plotting the perplexity-topic curve. The perplexity is calculated as

> logp<wf)>
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perplexity(D) = exp < -

where N; denotes the total number of words in the ith text document, and p(w;) denotes the probability of the word vector w; of the ith
text document. The lower the perplexity of Eq. (8) the better the model learned [32].

2.4. Drug efficacy prediction model

We view the drug efficacy prediction task as a binary classification problem: responsive (1) or non-responsive (0). Based on the
topic features extracted from the LDA model, we employ the following binary ML classifiers for extensive evaluation: LR, KNN, DT and
SVMs, all of which are popular and competitive machine learning algorithms used commonly in practice [33]. Especially, they are
simple, explainable and use-friendly, and thus more suitable for solving clinical medicine problems. Although these general models
may not exhibit extra strength in text processing, the application of LDA before them can compensate for this by disentangling the
potential semantic relationship between texts. For training these classifiers, we use grid search algorithm to determine the best
hyper-parameters for the models. Specifically, different combinations of hyper-parameters are evaluated using cross-validation [34],
and the resulting optimal combination is used to build prediction models. Specifically, the hyper-parameters involved in the LR model
include {penalty, C, class weight}, where penalty is valued L1 or L2 norm, C refers to the regularization parameter varying among
[0.01,0.1,1.0,10,100], and class weight refers to the weights of each category, valued none or balanced; the hyper-parameters of the
KNN model include {K,weights,p}, where K refers to the number of selected neighbor points, and its range of values is 1~9. Weights
indicates whether the weight of the distance is taken into account in the nearest k points, valued uniform or distance, and p refers to the
type of distance chosen, Manhattan Distance, Euclidean Distance or Minkowski Distance, which is meaningful only if weights =
*distance’; the hyper-parameters of the DT model include {criterion, maximum depth}, where criterion refers to the feature splitting
basis metrics, gini or entory, and the maximum depth refers to the maximum depth of the tree, varying among 1-10. The
hyper-parameters of the SVM model include {kernel, C,gamma}, where kernel s pecifies the kernel type to be used in the algorithm,
linear function, polynomial function or radial basis function, C refers to the regularization parameter varying among [0.01, 0.1, 1.0,
10.01, and Gamma refers to the kernel coefficient valued [0.001,0.01,0.1,1.0] when the kernel type is set to ‘radial basis function’.

2.5. Evaluation metrics

Five metrics, precision (Prec), recall (Rec), F1 value, accuracy (Acc), and area under the receiver operating curve (AUC), are used to
measure the drug efficacy prediction performance for each model in experiments. In particular, AUC is defined as the area under the
receiver operating curve, and the larger the AUC value, the better the classification effect [35]. The other metrics can be calculated as
follows:

Tp
Prec =——+
Tp + Fp
T
Rec:—p
Ip + Fn
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Fle Prec - Rec
Prec + Rec
Tp + T
Acc= pt1In

Tp+Tn+ Fp+ Fn

where T, and T, represent the numbers of true positives and true negatives that the model correctly predicts, respectively, F, and F,
represent the numbers of false positives and false negatives that the model incorrectly predicts, respectively.

3. Experimental results
3.1. Lung cancer clinical data collection

We collected the medical records of 1859 patients (2016-2020) with lung cancer from the Neusoft EMR system of our collaborated
hospital locally in adherence with the Declaration of Helsinki and its later amendments. Patient inclusion criteria were: (i) patients
with NSCLC and who had received first-line platinum-based chemotherapys; (ii) patients with treatment outcome available after one or
two courses of treatment.

Our aim is to predict the efficacy of platinum chemotherapy based on the text data reported by radiology examination. According to
the RECIST criteria, drug efficacy can be complete remission (CR), partial remission (PR), stable disease (SD) or disease progression
(PD). For simplicity, we consider the binary classification problem of drug efficacy, i.e., responsive (1) and non-responsive (0). The
former includes CR, PR, SD, and the latter only PD. After removing the sample of patients missing clinical imaging examination, we
finally made a clinical text-drug efficacy data set consisting of 958 NSCLC patient samples, of which 691 were responsive and 267 were
non-responsive to platinum chemotherapy, for use of method evaluation. The clinical data of the patient population are provided in
Supplementary Table S1 for reference.

We then preprocessed the raw radiology examination reports text for obtaining the word vectors for each patient. The text pre-
processing includes the following three steps: 1) deleting numbers and letters; 2) segmenting words and 3) removing stop words. First,
numbers and special letters can not be addressed by text analysis methods, and need to be deleted before further analysis. Segmenting
words means cutting a continuous sentence into individual words. Accurate word segmentation can greatly improve the computer’s
ability to understand text information [36]. Stop words include prepositions, quantifiers and some non-medical nouns etc., which are
often meaningless to text understanding and need to be removed after word segmentation. There are two word segmentation algo-
rithms, NLPIR [37] and Jieba [38], that can be used in Chinese word segmentation. Compared with NLPIR, Jieba can tag parts of
speech, and combine on the results from dictionary and statistics. We tried the two segmentation methods in the study, as shown in
Fig. 2A-B, and found that Jieba retained more clinical features of patients and lesion conditions and led to better prediction results
(Fig. 2 and Supplementary Fig.S1). Accordingly, we used the result of Jieba for subsequent analysis. In summary, all text documents of
958 patient samples were divided into 2372 words, most of which characterize the morphological and pathological changes of the
tumor and the lesion condition that are potentially associated with treatment outcome, such as “unseen, echogenicity, expand”.
Totally, there are 62 terms related to lung and one parenchyma term, which would help guide in therapy of lung cancer. Details of word
segmentation are given in Supplementary Table S2.

3.2. Clinical text encoding results based on LDA model

To perform the LDA-based clinical text encoding, we first determined the optimal number of hidden topics behind the data by
examining the perplexity. Fig. 3 (A) plots the perplexity changing curve with topic number. From this figure, we can clearly see that the
perplexity reaches the lowest at 16, indicating the optimal number of topics 16. Then, with K = 16 and a = $ = 0.0625 as default, we
learned the LDA topic model on the data set and generated the topic distribution of each patient document, i.e. the encoding vector and
the word distribution of each topic.
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Fig. 3. LDA encoding of clinical text data. (A) Perplexity-topic number curve, indicating the perplexity arrives least at 16 topics. (B) Global view of
the 16 topics in the first two PCs space by multidimensional scaling analysis, suggesting that the 16 topics are non-redundant and proper. The size of
the circles indicates the prevalence of the topic, i.e. the frequency of topics appearing in the document corpus. (C) The frequencies of the top-30 most
relevant terms for Topic 1, showing the primary word distribution pattern of the topic.

In order to analyze the result, we used multi-dimensional scaling algorithm, implemented in the pyLDAvis package [39], to
visualize the obtained topics as shown in Fig. 3 (B). From this figure, it can be found that the topics scatter the whole space and most of
them distribute in the negative direction of the 2nd PC. It is also noticed that 7/10 topics have >5% prevalence, of which most
prevalent Topic 1 has a prevalence of >10%. As shown in Fig. 3 (C), Topic 1 has a very similar word distribution to the overall, such as
the words, “unseen”, “echogenicity”, “homogeneous”, appears most frequently both in the topic and in the corpus. The
highest-frequency words under this topic are mostly descriptive of patients’ stable conditions. Mining and analysis of the
high-frequency words in each topic can help find text patterns associated with treatment outcome. In what follows, we will explore the
encoding results to find potential associations between topic features and efficacy.
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Fig. 4. Heatmaps of the topic-sample distribution matrix (A) and topic-word distribution matrix (B). We can see that some topics show similar
patterns between samples/words, e.g. those within the boxes.
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Fig. 4 shows the heatmaps of the obtained topic-sample distribution matrix and topic-word distribution matrix. FromFig.4 A, it can
be seen that topics 1, 3, 4, 7, 8, 12, 13, 14, 15, 16 have higher probabilities in most samples, and seem to be divided into two topic
groups with different distribution patterns: one group includes 1, 8, 12, 16, and another includes 3, 4, 7, 13, 14, 15. Similar results can
be observed in the word-topic distribution heatmap (Fig. 4B). These results show that the LDA model can clearly mine the potential
topic features underlying the clinic text data.

We further calculated the mean vectors of topics for the two sample groups: responsive and non-responsive, and compared them in
each topic channel, as shown in Fig. 5A-B. We found that the responsive group took significantly higher values than the non-responsive
group on feature topics 8, 12, 16, while the non-responsive group took significantly higher values than the responsive group on feature
topics 4, 7,13, 14, 15. These are in accordance with the analyses above. Accordingly, we can divide the whole 16 topics into three topic
groups, drug responsive-related, drug non-responsive-related and neutral ones, of which the drug responsive-related group (RG)
consists of topics 8, 12, 16, and the drug non-responsive-related group (NG) consists of topics 4, 7, 13, 14 and 15.

Fig. 6 (A-C) compares the word frequency spectra of topics among the three topic groups. From this figure, it can be clearly seen that
for the RG and NG groups, the intra-group topics take on more similar spectrum patterns but the inter-group topics more different
patterns. Deep investigation indicates that the highest-frequency words in the topic group RG include many seemly good condition
words, such as “unseen, homogeneous, normal”, while the highest-frequency words in the topic group NG are descriptive of sound bad
conditions, such as “multiple, density, nodule”, as shown in Fig. 6 (D-E). Note that the term “unseen” are often followed by ‘abnormal
signal’, ‘abnormal enhancement lesion’, ‘abnormal density shadow’, etc, which mostly indicate no obvious abnormality found in the
radiomic images. More biological and medical explanations are needed in future.

3.3. Performance validation of drug efficacy prediction models

We next evaluated the drug efficacy prediction performance of the LDA encoding representation. To avoid randomness, we used
stratified five-fold cross validation to test the prediction performance. The main idea is to use different training/test splits for pertinent
evaluation. Specifically, the whole dataset S was divided into 5 folds (disjoint subsets), i.e. S;, withi= 1,2, ...,5, where the proportion of
each category in each fold is the same as that in the whole dataset S. For each fold S;, a classification model is trained on all the left folds
and tested on S; [40]. The multiple training/test splitting makes the evaluation more objective and more reliable. Note that,
considering fewer non-responsive samples in the training set, we used Smote algorithm [41] to expand the non-responsive class to have
the same (521) samples as the responsive samples for sample balance during training. The Smote algorithm, as a sampling technique,
can synthesize new samples independently identically distributed by simulation synthesis. Specifically, it first randomly selects a
sample from the minority class and calculates the Euclidean distance between it and other samples in the class to find its neighboring
samples, and then synthesizes new samples by linear random interpolation. Compared with random sampling, the Smote algorithm can
avoid overfitting caused by duplicated samples. Fig. 7 shows the sample distributions of training set before (Fig. 7A) and after (Fig. 7B)
applying Smote algorithm, indicating that the distribution of expanded samples is the same as or similar to the original one for the class
while balancing the two classes. Note that the visualization is based on the two components obtained using t-distributed Stochastic
Neighbor Embedding (t-SNE) [42].

We then trained four classifiers, namely LR, KNN, DT and SVMs, on the expanded training sets. During training, grid search al-
gorithm was used to find the optimal model parameters for each classifier based on internal five-fold cross validation (CV) on the
training set. Table 1 shows the five-fold CV results. From this table, we can clearly see that all the four classifiers in combination with
LDA encoding resulted in the AUCs of higher than 0.7, of which SVMs achieved the best drug efficacy prediction performance: a
precision of 0.91, an F1 value of 0.81, an accuracy of 0.75 and an AUC of 0.77, suggesting the effectiveness of the proposed method. We
also examined the computing cost of the proposed method. Running on Windows 10 (64-bit) OS with Intel(R) Core (TM) i7-7500 CPU
@ 2.50 GHz, 8G RAM, under python 3.8 software, it took 102.52 s for training and 0.82 s for testing on a new sample, which are
acceptable in real application situations.
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Fig. 5. Distributions of the mean vectors of the two sample classes on 16 LDA topics (A) and on the top-16 scored terms by TF-IDF model (B). We
can see that the two classes show more differences on the LDA topics than on the top TF-IDF features.
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Fig. 6. Word distributions (A-C) of each topic in the three topics groups and Top-20 high-frequency words (D-E) in the responsive-related and non-
responsive-related topics. We can see that each topic group show similar changing patterns over words, e.g. those within the boxes.

3.4. Statistical significance analysis

Based on the LDA + SVM model, we further verified the statistical significance of the drug efficacy prediction by permutation test.
In the permutation test, we randomly shuffled the labels of training samples in the five-fold CV procedure to retrain the prediction
model and re-predicted the test set. The permutation process was repeated 1000 times, and the proportion of AUC values greater than
the real case (0.77) was counted as a p-value. Finally, we obtained a p-value = 0.00 < 0.05, indicating the statistical significance of the
observed results at an ad hoc p-value cutoff of 0.05. Fig. 8 compares the real ROC curve with five permuted ones after randomly
shuffling the labels of training samples. From this figure, it can be seen that the random AUC values are all around 0.5 as expected,
which is much smaller than the real AUC value. These results show that the LDA-based drug efficacy prediction is statistically
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Fig. 7. t-SNE projection visualization of the training set before (A) and after (B) applying the Smote algorithm. The expanded distribution is the
same as or similar to the original one while balancing the two classes.

Table 1
Drug efficacy prediction performance of the two text encoding models, LDA and TF-IDF, in combination with four classifiers (mean + sd). Note: AUC
means the area under the receiver operating curve.

Classifiers Text Encoding models Precision Recall F1 Accuracy AUC
Logistic Regression TF-IDF 0.83 + 0.02 0.72 + 0.06 0.77 + 0.04 0.69 + 0.04 0.66 + 0.03
LDA 0.89 £ 0.02 0.65 £+ 0.03 0.75 £+ 0.02 0.69 + 0.03 0.72 + 0.03
k-Nearest Neighbor TF-IDF 0.82 + 0.02 0.73 + 0.03 0.77 £ 0.01 0.69 + 0.01 0.66 + 0.02
LDA 0.85 + 0.01 0.77 + 0.06 0.81 + 0.04 0.73 + 0.04 0.7 £ 0.03
Decision Tree TF-IDF 0.82 + 0.02 0.75 + 0.06 0.78 + 0.03 0.7 £ 0.03 0.67 + 0.03
LDA 0.86 + 0.02 0.74 + 0.05 0.8 + 0.03 0.73 + 0.03 0.71 + 0.02
Support Vector Machines TF-IDF 0.85 £ 0.02 0.72 £ 0.04 0.78 £ 0.03 0.7 £ 0.03 0.7 £ 0.03
LDA 0.91 + 0.02 0.73 £ 0.03 0.81 + 0.01 0.75 + 0.01 0.77 + 0.02

significant and justify the utility of clinical text data in drug efficacy prediction.
3.5. Comparison with TF-IDF text encoding model

For comparison evaluation, we applied the conventional Term Frequency-Inverse Document Frequency (TF-IDF) model [43] to
alternatively encode the patient text document. The essential meaning of TF-IDF algorithm is: if a word appears more frequently in a
document and less frequently in other documents, the word is considered to be able to differentiate effectively between documents.
Briefly speaking, TF-IDF algorithm explicitly extracts text features by calculating TF-IDF value of feature words, which is obtained by
multiplying TF value and IDF value. By restricting the thresholds of TF and IDF, the TF-IDF model can effectively filter common
high-frequency words and retain the relatively important feature words with distinguishing ability in the document.

For fairness, we selected the top 16 word terms with highest TF-IDF values, and calculated the center vectors of the two classes on
the 16 word terms, as shown in the right side of Fig. 5. From this figure, it can be found that the center vectors of the two classed have
less differences compared with those by the LDA model (the left subfigure of Fig. 5). Then, we applied the four classifiers to the TF-IDF
text encodings of patients and compared the resulting efficacy prediction performances with those by the LDA model, as shown in
Table 1. From this table, we can clearly see that the LDA model outperforms TF-IDF, irrespective of the classifier used, suggesting the
superior performance of LDA in extracting drug efficacy-associated information from the clinical text data. The TF-IDF algorithm is
based on the bag-of-words idea and only extracts features based on “word frequency”. In contrast, the LDA model introduces the
hidden variable of topic between words and documents, which can deal well with “Polysemy” and “More word one meaning”. By
mining deeper information in the semantic level, LDA can discover the association patterns between drug efficacy and patient con-
dition underlying the texts.

3.6. Comparison with clinical structured data

Structured data are another kind of rich information in clinical data, possibly useful to drug efficacy prediction. There are totally
247 structured patient features in the lung cancer data, e.g., biometric information (gender, age), vital signs, history of past illness,
laboratory tests. We preprocessed the structured data of the 958 patients by the following steps: removing patient features with missing
values greater than 50% and for the remaining, missing values were imputed using the mean values. Finally, 56 structured feature
variables were obtained and normalized to a variance of 1 and a mean of 0 for further analysis. Details about the structured data are
given in Supplementary Table S3.
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We first combined the structural data with the text data above to represent each patient for drug efficacy prediction. Table 2 lists the
five-fold CV results by the four classifiers, LR, KNN, DT and SVMs, on the combined data. As can be seen from this table, there is no
increase, but even a decrease, in almost all evaluation metrics after adding the structured data. To account for this, we next predicted
drug efficacy using the structured data alone. As a result, the four classifiers obtained AUCs of 0.51, 0.51, 0.5 and 0.5, respectively,
which all are far smaller than those by the clinical test data (Table 1), as shown in Table 2. These may suggest that the structural data
may be not predictive of drug efficacy. Furthermore, we estimated the statistical significance of the results in a permutation test similar
to the above. For the real AUCs by LR, KNN, DT and SVMs, the resulting p-values are far larger than an ad hoc cutoff of 0.05 (0.31, 0.36,
0.4 and 0.35, respectively), meaning non-significant predictions, as shown in Fig. 8 (right). This may be related to two things: too many
missing values and inclusion of too few structured data, which needs to be further verified.

3.7. Validation on an independent dataset

To further evaluate the proposed method, we collected 266 bowel cancer patients (2020-2022) treated with platinum from The
First Affiliated Hospital of University of Science and Technology of China (ethical approval no. 2021- RE-85) as an independent data
set. Similar to the lung cancer data, the efficacy of cisplatin in these patients was also divided into two categories: responsive (1) and
non-responsive (0) for binary classification, resulting in 225 responsive patients and 41 non-responsive patients. We applied the
trained LDA + SVM model to predict the efficacy categories of the bowel cancer patients. The results are as follows: a precision of 0.89
a recall rate of 0.68, an F1 value of 0.77, an accuracy of 0.66, and an AUC value of 0.6, which, albeit slightly lower than those on the
lung cancer data, indicating the prediction effectiveness on the independent data set. To examine the statistical significance of the
prediction, similar to the permutation test in Section 3.4, we randomly shuffled the labels of the 266 bowel cancer patients 1000 times,
and calculated the p-value of the observed AUC result. As a result, a p-value = 0.00 < 0.05 were obtained, indicating that the observed
result is statistically significant at an ad hoc p-value cutoff of 0.05. Fig. 8 (right) illustrates the observed and five randomized ROC
curves. These results suggest the prediction generalizability of the proposed method on independent data sets.

4. Conclusion

In this paper, we have proposed to predict drug efficacy based on clinical text data for cancer patients. The proposed method used
LDA models to encode imaging examination text, and based on the text encoding features, ML classifiers were then employed for drug
efficacy prediction. LDA models can mine the hidden topics underlying the clinical text data that reflect the patterns of tumor tissue
characteristics associated with treatment outcome, which benefits the prediction capability of the proposed method. In experiments,
we established clinical text data sets including lung and bowel cancer patients treated with platinum to evaluate the proposed method.
The experimental results on the data sets show the efficacy and effectiveness of the proposed method, and especially, demonstrate that
the clinical text data are predictive of personalized drug efficacy for individual cancer patients, suggesting the potential clinical
application value.

Currently, cancer patients are treated empirically in clinic, which has a non-response rate of up to 30-40%, for example, to
cisplatin. Realizing cancer precision medicine needs to overcome the challenging individual heterogeneity of treatment. Compared
with genomic data-based methods, those based on clinical data easily available, e.g., radiology examination reports, are cost-effective
and may alternatively provide a new promising paradigm for solving the challenge. On the other hand, we also notice that the pro-
posed method still has some limitations, e.g. only using a few types of clinical data and segmenting words only in unigram mode.
Future work will be focused on introducing more types of clinical data, such as histological reports, as well as improving the text
processing and classification models for better drug efficacy prediction.
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Table 2
Prediction results using structured data and combined data (mean + sd). Note: AUC means the area under the receiver operating curve.
Data types Classifiers Precision Recall F1 Accuracy AUC
Structured Logistic Regression 0.73 £+ 0.02 0.6 + 0.05 0.66 + 0.03 0.55 + 0.03 0.51 + 0.03
k-Nearest neighbor 0.73 £+ 0.02 0.72 + 0.03 0.72 + 0.02 0.6 £ 0.03 0.51 + 0.04
Decision Tree 0.72 £+ 0.02 0.7 £0.1 0.71 = 0.04 0.59 = 0.02 0.5 £0.03
Support vector machines 0.72 £ 0.00 0.95 £+ 0.01 0.82 £ 0.01 0.7 £ 0.01 0.5+ 0.01
Text + Structured Logistic Regression 0.79 + 0.01 0.69 + 0.05 0.73 + 0.03 0.64 = 0.02 0.61 +0.01
k-Nearest neighbor 0.73 £+ 0.02 0.66 + 0.04 0.69 £ 0.02 0.58 = 0.02 0.52 +0.03
Decision Tree 0.83 + 0.02 0.78 + 0.04 0.81 +0.01 0.73 +£0.01 0.69 + 0.02
Support vector machines 0.72 £ 0.00 0.96 £+ 0.01 0.82 £ 0.01 0.7 £ 0.01 0.5+ 0.01
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