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Abstract. Accurate prediction of Adverse Drug Reactions (ADRs) holds immense importance 

in the field of clinical medicine and drug development. The requirement of accurate prediction 

spans various stages, ranging from drug design and clinical trials to marketing monitoring. The 

traditional ADR forecasting method has the disadvantage that it requires a lot of computing 

resources and is not suitable for large-scale forecasting. To address this issue, this study 

introduces the Wide & Deep model. This model combines the abilities of memorization and 

generalization to enhance the accuracy of ADR predictions. Additionally, we identify a 

shortcoming in the wide component of the traditional Wide & Deep model – the lack of nonlinear 

transformation. Therefore, we propose the inclusion of POLY2 in the Wide & Deep model to 

rectify this shortcoming. By incorporating POLY2, our aim is to retain the model’s memorization 

and generalization abilities, leverage the nonlinear relationship between features, and capture the 

interaction effect between drug chemical substructures for better model performance. To validate 

our proposed method, we conduct experiments on two datasets: the FDA Adverse Event 

Reporting System (FAERS) and PubChem. The evaluation metric utilized is the Area Under the 

Curve (AUC) score, which demonstrates that our method outperforms the original model. The 

results indicate that by combining POLY2 feature crosses with the Wide & Deep model, we have 

achieved significant improvements in the prediction of ADRs. 

Keywords: Adverse drug reactions prediction, Wide & Deep model, POLY2, FDA Adverse 

Event Reporting System, PubChem. 

1.  Introduction 

1.1.  Research Background 

The wide application of drugs in the medical field has made great achievements and made great 

contributions to human health. However, the use of drugs is also accompanied by the inevitable risk of 

Adverse Drug Reactions (ADRs). ADRs refer to the harmful physical reactions of patients when 

receiving drug treatment. These reactions are caused by various factors such as drug properties, chemical 
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structure, and dosage. Any drug may cause ADRs in the human body, and these ADRs are becoming 

the main cause of morbidity and death in the medical process. At the same time, ADRs will not only 

affect the health and quality of life of patients, but also increase the burden of medical resources [1, 2]. 

Therefore, reducing the occurrence of ADRs is one of the important challenges in the medical field. At 

present, clinical trials are the main means to detect ADRs, but due to the need for sufficient experimental 

samples and time, this method cannot completely avoid undetected ADRs after the drug is marketed. 

Therefore, accurate prediction of potential ADRs has become one of the important tasks in clinical 

medicine and drug development. 

1.2.  Traditional Methods and Feature Engineering 

Early ADRs prediction methods are based on biochemical and cellular determination of compounds for 

safety analysis [3]. The cost and efficiency of these traditional methods have gone beyond the acceptable 

range of drug research and development and clinical treatment. With the continuous development of 

machine learning and deep learning technology, scholars have begun to explore how to use related 

technologies to improve the prediction accuracy of ADRs prediction models. In this context, Wide & 

Deep model, as a method that combines wide component and deep component, has the abilities of 

memorization and generalization at the same time, and has achieved success in the fields of 

recommendation system and advertising click-through rate [4]. However, due to the complexity and 

nonlinear relationship of drug features, the traditional Wide & Deep model cannot calculate the 

nonlinear relationship between drug features, which leads to the fact that the Wide & Deep model cannot 

be directly used in ADRs prediction [5, 6]. To address this issue, our research suggests employing the 

POLY2-based approach for the wide component of the Wide & Deep model. This method incorporates 

POLY2 into the wide component to assess the non-linear association between chemical substructures of 

drugs. However, the inclusion of POLY2 brings about new challenges, namely the curse of 

dimensionality and an increase in the ratio of irrelevant information [7- 9]. To mitigate the complications 

arising from the integration of POLY2, this study undertakes dimensionality reduction on the input data 

prior to feature crosses. This approach aims to tackle the issue of the curse of dimensionality and enhance 

the proportion of valuable data. 

There are three databases commonly used for ADRs prediction: FDA Adverse Event Reporting 

System (FAERS) database is an official channel provided by the US Food and Drug Administration; 

Side Effect Resource (SIDER) database contains a large amount of information on ADRs. Healthcare 

Cost and Utilization Project (HCUP) database contains a large amount of data on patient healthcare costs 

and utilization. In this paper, the PubChem dataset is introduced to conduct experiments on the basis of 

using the FAERS dataset. PubChem is a chemical module database maintained by the National Centre 

for Biotechnology Information, which contains a large amount of information on chemical structures, 

biochemical experimental data, chemical structure information of compounds, and raw data. These data 

can provide important information for ADRs prediction. 

1.3.  Innovation Point of the Research 

The innovation of this paper is to introduce the POLY2 method and combine it with the wide component 

of the Wide & Deep model to improve the ADRs prediction model. This innovation aims to address the 

complex nonlinear relationships between drug features that are difficult to capture by traditional ADRs 

prediction methods and simple collaborative filtering models. Feature crosses allow us to obtain higher-

order interactions between features, thus more accurately predicting the ADRs. In the Wide & Deep 

model, the wide part is mainly responsible for capturing the association of known linear features, and 

the POLY2 method is introduced to enhance the ability of capturing the nonlinear feature association of 

the wide part, so as to better deal with the nonlinear relationship between features. With this innovation, 

we attempt to address a long-standing challenge in the field of ADRs prediction, which is how to provide 

the model with memorization and generalization abilities to improve prediction performance when given 

a new drug. In this study, by performing experimental validation on two datasets, namely FAERS and 

PubChem, and employing AUC as the metric for evaluation, we illustrate the efficacy of the suggested 
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approach. Our study aims to further improve the accuracy of ADRs prediction, thus providing more 

reliable support for clinical practice and drug research and development. 

The remaining sections of this paper are as follows: Section II discusses related work on ADRs 

prediction and briefly describes the Wide & Deep model and POLY2. Section III discusses the research 

problem setting of this paper. Section IV describes the Wide & Deep model and POLY2 model in detail. 

Section V discusses the experimental setup and results. Finally, section VI concludes the paper. 

2.  Related Work 

Numerous studies have been dedicated to enhancing the efficacy of prediction models in the field of 

ADRs prediction. These studies aim to provide superior guidance in drug discovery and clinical 

application. This chapter delves into the research pertaining to ADRs prediction, with specific emphasis 

placed on the utilization of collaborative filtering, machine learning, and deep learning techniques. 

2.1.  ADR Prediction Method Based on Drug Characteristics 

Existing research on ADRs prediction mainly utilizes three sources of information: biological 

information [10], drug molecular structure information and market monitoring, drug-ADRs interaction 

data. Many data types belong to the third drug-ADRs interaction data and market monitoring data, which 

require a lot of time and economic costs, so it is more practical to choose biological information or drug 

molecular structure information [11]. In this paper, FAERS dataset and PubChem dataset are selected 

to perform ADRs prediction based on drug structural features. Similarity-based and machine learning-

based methods are the two existing structure-based methods [12]. 

ADRs prediction based on drug structural similarity, as described by previous studies [13-15], is 

conducted by identifying molecules that exhibit structural resemblance to currently available drugs. 

Although this method is easier to implement than the other method, when the drug structure is diversified 

and the data structure is multi-dimensional, the prediction accuracy of this method will be relatively 

reduced. At the same time, this method deals with all structural features with the same weight, which 

cannot improve the prediction result for a specific ADR. Moreover, it is more difficult to find the 

chemical structures associated with ADRs with this method. ADRs prediction based on machine 

learning establish ADRs prediction models by utilizing molecular fingerprints [4], circular fingerprints 

[16-18], and various types of models (e.g., Bayesian models and decision trees [19, 20]). Most existing 

machine learning-based prediction methods have pre-defined fingerprints, resulting in the possibility 

that it is unable to compute, search for all secondary chemical structures. At the same time, this method 

is not suitable for large-scale data prediction. Therefore, how to make full use of all drug structures and 

expand the range of data volume has become the focus of research. 

2.2.  Integrated Application of Collaborative Filtering and Deep Learning in ADRs Prediction 

Collaborative filtering is a widely used technique in the field of recommender systems, which predicts 

items that a user may like by mining the similarity between the user and the item based on the user-item 

interaction matrix [5, 21, 22]. In the field of ADRs prediction, collaborative filtering method is 

introduced to analyse the association between drugs and structures to predict ADRs. However, 

traditional collaborative filtering methods have limitations when facing the complex task of ADRs 

prediction. ADRs are usually affected by a variety of factors, including drug molecular structure, patient 

genotype, and environmental factors. Traditional collaborative filtering methods are difficult to 

effectively consider the diversity and complexity of data. 

To overcome these limitations, we introduce the Wide & Deep model [4], a method that combines 

wide component and deep component. The wide part mainly utilizes the generalized linear model to 

learn the known correlations between features, while the deep part learns higher order nonlinear 

relationships through deep neural networks. The combination enables the model to grasp linear as well 

as nonlinear relationships of features to a certain extent. Through experimental proof, we expect that 

this method can provide more accurate ADRs prediction for drug development and clinical practice, and 

provide more reliable support for medical decision-making. 
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At the same time, in ADRs prediction, deep learning also shows its powerful ability. In particular, 

Multilayer Perceptron (MLP) [23-25], as a common deep learning architecture, performs well in ADRs 

prediction. MLP has multiple layers of neurons, which can effectively represent and learn high-

dimensional features. Its nonlinear activation function and hierarchical structure allow it to extract more 

abstract features from the data that better capture the hidden associations between drug chemical 

substructures and ADRs. By optimizing weights and biases during training, MLP can be adapted to 

different data distributions and problems. In addition, the deep learning model applying MLP can also 

deal with large-scale data and has strong generalization ability. This is particularly important for ADRs 

prediction, as feature-ADR association data are often high-dimensional, sparse, and complex. Deep 

learning models applying MLP can also help to identify patterns and relationships hidden behind such 

data, thus improving prediction performance. 

3.  Problem Setup 

To formally define the problem in our research, we adopt the formal description of collaborative filtering 

as a basis: 

Given a matrix R containing drug-ADR associations, where 𝑅𝑖,𝑗   𝑖 ∈ 𝑁, 𝑗 ∈ 𝑀 denotes whether drug 

i causes ADR j or not. Also, given a drug-structure feature association variable X, where 𝑋𝑖,𝑘  𝑖 ∈ 𝑁, 𝑘 ∈

𝐷 denotes whether drug i has chemical substructure j or not, where N is the set of drugs, M is the set of 

ADRs, and D is the set of drug chemical substructures. Our goal is to predict entries in the drug-ADR 

association matrix R that have not yet been observed, that is, to predict potential ADRs. 

In this problem context, our study aims to explore how the Wide & Deep model as well as POLY2 

can be utilized to improve the prediction performance of ADRs. We will verify the effectiveness and 

superiority of the proposed method by comparing the AUC evaluation metrics by conducting 

experiments on FAERS and PubChem datasets [26, 27]. We will also explore the limitations of the 

proposed method and the potential value in practical clinical applications. Through these experiments 

and analyses, we hope to provide valuable insights and contributions to research and practical 

applications in the field of ADRs prediction. 

4.  Method 

4.1.  The Wide & Deep Model 

The Wide & Deep learning framework is a hybrid model composed of a single-layer wide component 

and a multi-layer deep component [4].  

The generalized linear model, known as the wide component, can be expressed as 𝑦 = 𝑤𝑇𝑥 + 𝑏, 

where y is the prediction, 𝑥 is the feature vector, 𝑤 are the model parameters, and 𝑏 is the bias. The wide 

component can provide the Wide & Deep model with memorization ability.  

The deep component consists of a neural network that operates in a feed-forward fashion. Initially, 

the original inputs undergo a conversion process to obtain an embedding vector. These embedding 

vectors are randomly initialized and subsequently trained to minimize the overall loss function 

throughout the model training phase. Subsequently, the embedding vectors are utilized as input to the 

hidden layers in the neural network during the forward pass. To be specific, each hidden layer is 

computed according to the following formula: 

 𝑎(𝑙+1) = 𝑓(𝑊(𝑙)𝑎(𝑙) + 𝑏(𝑙))  (1) 

where 𝑙 is the layer number and 𝑓 is the activation function. 𝑎(𝑙), 𝑏(𝑙) and 𝑊(𝑙) are the activations, bias, 

and model weights at 𝑙-th layer. In our research, we use Multilayer Perceptron (MLP) in the deep 

component. 
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4.2.  POLY2 

POLY2 is the simplest method of feature crosses and can be used to process high-dimensional sparse 

data in machine learning. Its main purpose is to combine all the features in pairs to generate a linear 

model. The mathematical expression of POLY2 is as follows: 

 𝑦 = 𝑤0 + ∑ 𝑤𝑖𝑥𝑖
𝑛
𝑖 + ∑ ∑ 𝑤𝑗1𝑗2

𝑥𝑗1𝑗2

𝑛
𝑗2=𝑗1+1

𝑛
𝑗1

 (2) 

where x is the feature vector, w are the weights of the features and 𝑤0 is the intercept. 

5.  Experiment 

5.1.  Experimental Setup 

5.1.1.  Datasets. FAERS database contains information on adverse events and medication errors 

reported to FDA for all marketed drug and therapeutic biologic products. We obtain 1,358 drugs, and 

2,707 ADRs, using binary features to indicate whether each drug can cause a certain ADR. 
PubChem database provides drug chemical substructures. We also obtain 1,358 drugs and 881 drug 

chemical substructures. There is a one-to-one correspondence between the IDs of drugs in PubChem 

database and FAERS database. 

5.1.2.  Evaluation Protocol. To assess our performance, we employ the evaluation protocol of Area 

Under the Curve (AUC) [26, 27]. The AUC represents the area enclosed by the ROC curve with the 

axis. The ROC curve plots the False Positive Rate (FPR) on the horizontal axis and the True Positive 

Rate (TPR) on the vertical axis. FPR and TPR are defined as follows: 

 𝐹𝑃𝑅 =
𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
 (3) 

 𝑇𝑃𝑅 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
 (4) 

5.2.  Result 

We use different parameters to train the model and take out the best AUC results in multiple training 

results, and compare the AUC of the Wide & Deep model without using POLY2 for feature crossover 

with that of the Wide & Deep model using POLY2 for feature crossover. Seven of the typical results are 

presented in Table 1. In Table 1, parameter embed_dims represent the dimension of the embedding 

vector in the deep component, parameter mlp_dims represents the number of neurons in each hidden 

layer of the MLP in the deep component, and parameter dropout represents the proportion of neurons 

discarded during training. From Table 1, we can see that the AUC of the Wide & Deep model using 

POLY2 for feature crossover is better than that of the Wide & Deep model without POLY2 for feature 

crossover in the first six cases. And in some special cases, such as the last case in Table 1, it fails to 

outperform the model without POLY2. 

Table 1. Comparison of AUC of the two methods with different parameters. 

Parameters Wide & Deep 
Wide & Deep 

+ POLY2 

embed_dim=16, mlp_dims=(128,64,32), dropout=0.2 0.581 0.662 

embed_dim=16, mlp_dims=(512,128,64), dropout=0.2 0.602 0.623 

embed_dim=16, mlp_dims=(512,128,64), dropout=0.3 0.604 0.614 

embed_dim=16, mlp_dims=(512,128,64), dropout=0.4 0.612 0.621 

embed_dim=2, mlp_dims=(512,256,128), dropout=0.5 0.585 0.599 

embed_dim=8, mlp_dims=(512,256,128), dropout=0.5 0.627 0.643 

embed_dim=128, mlp_dims=(512,256,128), dropout=0.5 0.614 0.605 
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5.3.  Discussion 

We use a combination of POLY2 and the wide component of Wide & Deep model as our method and 

we apply the memorization and generalization abilities of Wide & Deep model to predict ADRs based 

on drug chemical substructures. Considering the interaction effect of drug chemical substructures on 

ADR, we use POLY2 for feature crossover in the wide component to better consider the nonlinear 

relationship between features. In general, the performance of the model using POLY2 for feature 

crossover is superior, and it can predict ADR more effectively. 

However, introducing POLY2 can easily cause the problem of curse of dimensionality. In order to 

solve this problem, the method we adopt is to reduce the dimension of the features first, which can 

effectively reduce the dimension after feature crossover. This method simply and directly solves the 

problem of curse of dimensionality brought by POLY2, but this method also has certain limitations. In 

the process of dimensionality reduction of features, it is inevitable to lose some information in the 

features. In the process of feature crosses, the impact caused by the loss of information may also be 

amplified: the correspondence between some original features and ADRs is amplified, while the 

correspondence between other features and ADRs is reduced. This deficiency reduces the memorization 

ability of the wide component, and thus reduces the overall performance of the model, which is the part 

that needs to be improved. 

During our experiments, in most cases the accuracy of the prediction results of the model combining 

Wide & Deep and POLY2 are able to exceed that of the original model. By reducing the dimensionality 

of the original features, we reduce the cost of model training, making it possible to use POLY2 to 

perform feature crosses on data with high dimensions. Overall, this approach has more advantages than 

disadvantages. The ability of the model to extract abstract features and the ability to generalize reduce 

overfitting and enable the model to achieve good results in the prediction of ADRs for new drugs, which 

is a major advantage of the model. 

6.  Conclusion 

In this paper, we apply the Wide & Deep model to the field of ADRs prediction. POLY2 is used for 

feature crossover in the wide part, and the features after feature crossover are used to train the 

generalized linear model in the wide component. In the deep component, we embed the drug chemical 

substructures into the embedding layer and then input them into the MLP. Finally, the output of the 

linear model of the wide component is mixed with the MLP output of the deep component for forward 

propagation. We contrast the performance of ADRs prediction of the model using POLY2 for feature 

crossover with the model without feature crossover. The results show that the model using POLY2 for 

feature crossover can achieve more accurate results overall. The generalization ability of deep 

component of Wide & Deep model enables our model to have good prediction results for potential ADRs 

of new drugs, which is of great significance for clinical medicine and drug research and development. 

Since we use the dimensionality reduction method in the wide component to avoid the curse of 

dimensionality caused by POLY2, we will lose some information in the features. This leads to a decrease 

in the memorization ability of the wide component, which affects the overall performance of the model. 

It is a limitation of our current research results. Our research results can be improved on the feature 

crossover method in the future to avoid the curse of dimensionality while avoiding the loss of feature 

information. And the overall framework we use can become a new idea in the field of ADRs prediction 

and be improved to better solve this problem. 
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