
A deep matrix completion method for
imputing missing histological data in breast

cancer by integrating DCE-MRI radiomics

Item Type Article

Authors Fan, Ming; Zhang, You; Fu, Zhenyu; Xu, Maosheng; Wang, Shiwei;
Xie, Sangma; Gao, Xin; Wang, Yue; Li, Lihua

Citation Fan, M., Zhang, Y., Fu, Z., Xu, M., Wang, S., Xie, S., … Li, L.
(2021). A deep matrix completion method for imputing missing
histological data in breast cancer by integrating DCE-MRI
radiomics. Medical Physics. doi:10.1002/mp.15316

Eprint version Post-print

DOI 10.1002/mp.15316

Publisher Wiley

Journal Medical Physics

Rights Archived with thanks to Medical Physics

Download date 23/05/2023 20:15:37

Link to Item http://hdl.handle.net/10754/673086

http://dx.doi.org/10.1002/mp.15316
http://hdl.handle.net/10754/673086


 

 

This article has been accepted for publication and undergone full peer review but has not been through 

the copyediting, typesetting, pagination and proofreading process, which may lead to differences 

between this version and the Version of Record. Please cite this article as doi: 10.1002/mp.15316. 

 

This article is protected by copyright. All rights reserved. 

 

A Deep Matrix Completion Method for Imputing Missing Histological Data in Breast Cancer by 

Integrating DCE-MRI Radiomics 

Ming Fan
a
, You Zhang

a
, Zhenyu Fu

a
, Maosheng Xu

b
, Shiwei Wang

b
, Sangma Xie

a
, Xin Gao

c
, Yue 

Wang
d
 and Lihua Li

a* 

a
 Institute of Biomedical Engineering and Instrumentation, Hangzhou Dianzi University, Hangzhou, China 

b
 Department of Radiology, First Affiliated Hospital of Zhejiang Chinese Medical University, Hangzhou, 

Zhejiang, China 

c
 King Abdullah University of Science and Technology (KAUST), Computational Bioscience Research Center 

(CBRC), Computer, Electrical and Mathematical Sciences and Engineering Division (CEMSE), Thuwal, 23955–

6900, Saudi Arabia 

d
 Department of Electrical and Computer Engineering, Virginia Polytechnic Institute and State University, 

Arlington, Virginia, USA 

Running title: Missing Histological Data Imputing 

*Corresponding author 

Lihua Li, Institute of Biomedical Engineering and Instrumentation, Hangzhou Dianzi 

University, Hangzhou 310018, China 

Email address: lilh@hdu.edu.cn 

https://doi.org/10.1002/mp.15316
https://doi.org/10.1002/mp.15316
http://crossmark.crossref.org/dialog/?doi=10.1002%2Fmp.15316&domain=pdf&date_stamp=2021-11-01


 

This article is protected by copyright. All rights reserved. 

Abstract 

Purpose: Clinical indicators of histological information are important for breast cancer treatment and 

operational decision making, but these histological data suffer from frequent missing values due to 

various experimental/clinical reasons. The limited amount of histological information from breast 

cancer samples impedes the accuracy of data imputation. The purpose of this study was to impute 

missing histological data, including Ki-67 expression level, luminal A subtype, and histological grade, 

by integrating tumor radiomics. 

Methods: To this end, a deep matrix completion (DMC) method was proposed for imputing missing 

histological data using nonmissing features composed of histological and tumor radiomics (termed 

radiohistological features). DMC finds a latent nonlinear association between radiohistological features 

across all samples and samples for all the features. Radiomic features of morphologic, statistical and 

texture features were extracted from dynamic enhanced magnetic imaging (DCE-MRI) inside the 

tumor. Experiments on missing histological data imputation were performed with a variable number of 

features and missing data rates. The performance of the DMC method was compared with those of the 

nonnegative matrix factorization (NMF) and collaborative filtering (MCF)-based data imputation 

methods. The area under the curve (AUC) was used to assess the performance of missing histological 

data imputation. 

Results: By integrating radiomics from DCE-MRI, the DMC method showed significantly better 

performance in terms of AUC than that using only histological data. Additionally, DMC using 120 

radiomic features showed an optimal prediction performance (AUC = 0.793), which was better than the 

NMF (AUC = 0.756) and MCF methods (AUC = 0.706; corrected p = 0.001). The DMC method 
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consistently performed better than the NMF and MCF methods with a variable number of radiomic 

features and missing data rates. 

Conclusions: DMC improves imputation performance by integrating tumor histological and radiomics 

data. This study transforms latent imaging-scale patterns for interactions with molecular-scale 

histological information and is promising in the tumor characterization and management of patients. 

 

Keywords: Histological information; Deep matrix factorization; Missing value imputation; Radiomics 

 

1. Introduction 

Breast cancer is the most common female cancer and a leading cause of cancer-related death 

worldwide. Clinical and pathological indicators are commonly used to guide patient decision making 

and therapeutic regimen selection. These histological factors include estrogen receptor (ER), 

progesterone receptor (PR), human epidermal growth factor receptor-2 (HER2), Ki-67 expression 

status and tumor grade/level, which play important roles in the evaluation of local and regional relapse 

[1], the response to therapeutic manipulation [2, 3] and decision management [4, 5] in breast cancer 

diagnosis and prognosis [6, 7]. 

Incomplete or missing data are often observed in the pathological reports of patients. In this case, 

either the histological information needs to be reanalyzed using invasive and high-cost tissue biopsy or 

the entire data are discarded from analysis. It is not reasonable to simply exclude all samples because 

some specific values are missing, especially when the number of missing values is large; otherwise, 
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valuable information will be lost. Therefore, there is a great need to impute missing histological data 

based on the existing/nonmissing information obtained from breast cancers. 

The completion/imputation of missing data by simply using the averaged nonmissing value or zero 

generally leads to biases because the variance of the features and the correlation between the features 

were ignored, which are far from optimal solutions [8]. In the context of the machine learning 

community, matrix completion is a popular and effective imputation tool that is commonly used in 

many domains, such as genotype imputation [9], [10] and disease diagnosis [11]. For example, missing 

genotype information is imputed through matrix completion based on the assumption that similar 

genomic characteristics usually have similar conditions [12]. Missing histological data can be identified 

by imputation strategies based on a heuristic expectation maximization (EM) algorithm [13]. Another 

approach is to predict missing values using only nonmissing samples by trained classifiers such as 

decision trees and fuzzy neural networks [14] [15]. However, these methods cannot be directly used to 

handle missing instance imputation [12]. Intuitively, the most effective and general approach is to 

directly use the samples with incomplete data. Reliable imputation methods that take full advantage of 

nonmissing reference data are essential to accurately impute missing histological data. 

To address this issue, the latent factor-based models [16] from matrix factorization techniques take 

full advantage of the data by approximating a target matrix in a low-rank manner. Previous studies 

reported applications of matrix factorization to recommender systems [17]. Nonnegative matrix 

factorization (NMF) is a promising method that captures the features of objects [18] and is used to solve 

a large class of audio inverse problems with missing or corrupted time-domain samples [19]. NMF 

projects entries of the sample across all features (sample vector) and specific features for all samples 

(feature vector) into a shared latent space using a vector of latent features to represent a sample or a 
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feature. Thereafter, a sample’s interaction on a feature is modeled as the inner product of the latent 

vectors. However, these methods are basically performed using linear projection to transform the full 

state space into the low-order subspace, which is not feasible to address the noisy data obtained from 

heterogeneous breast tumors. 

Deep learning-based methods [20] that employ nonlinear data encode-decoder for input features to 

find a latent space that represents feature interaction [21] are increasingly used for recommender 

systems and matrix completion. Data imputation was also performed using generative models of 

variational autoencoders (VAEs) [22]. Deep matrix factorization methods were applied to impute 

missing values of genomics data [23]. Previous studies tried to learn a nonlinear transformation shared 

latent representation of MRI based on deep learning [24, 25]. In this situation, a large number of 

features, such as those in genomic data, are required as reference information for the missing data 

imputation methods [26, 27]; however, this is not applicable for our case because the histological data 

usually contain limited context (number of features). Additional data on tumor characteristics are thus 

needed to add more information to facilitate more accurate data imputation. 

In addition to the histological data that represent the molecular level of information from a tiny 

fraction of the tumor, dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI) provides a 

volumetric characterization of morphological and functional information from the entire tumor. The 

quantitative features of radiomics derived from tumor images have been applied to predict the 

molecular subtype [28-30], histological grade [31] and Ki-67 expression status [32, 33] in breast cancer. 

In other words, imaging of the tumor provides additional and rich information that can add new 

dimensions when characterizing a tumor. 
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To address the issues of noise and limited information in histological data imputation, we propose 

formulating missing value imputation under a matrix completion framework, which has been fueled by 

recent advances. The contribution of our work is three-folds. 

First, we propose a deep learning-based missing data imputation model using histological 

information and matched radiomic features (termed radiohistological features) derived from imaging to 

effectively identify missing histological information. To the best of our knowledge, this is the first study 

to take advantage of tumor radiomics for imputing missing variables of histological data in breast 

cancer. Second, a deep matrix completion (DMC) framework is designed based on a nonlinear 

projection of tumor features and a specified feature across samples that can collaboratively find hidden 

patterns that interact between features and samples. 

2. Materials and Methods 

2.1. Datasets 

The imaging and matched histological data were collected from the First Affiliated Hospital of 

Zhejiang Chinese Medical University. Informed consent was waived due to the retrospective nature of 

this study. The Institutional Review Board of Hangzhou Dianzi University approved this study (No. 

2019002). The initial dataset included 264 samples, while 54 samples were excluded: 13 samples with 

an incomplete image series; 32 samples with no available pathologic report; 6 samples of benign 

tumors; and 3 samples with low image quality (Figure 1). After sample selection and exclusion criteria, 

210 samples of breast cancer patients with available tumor imaging and matched pathological data 

remained. 
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For patients with multifocal malignancy, the largest tumor was used for analysis. In our dataset, 210 

samples of breast cancer patients with radiomic features and histological information were collected. 

The entire dataset was randomly separated into the training set (n=130) to establish a deep matrix 

factorization model for imputation of the missing histological data and a testing set (n=80) to evaluate 

the effectiveness of the network. Detailed patient characteristics are illustrated in Table 1. Histological 

data imputation was evaluated on five commonly used immunohistochemical variables: ER, PR, HER2, 

Ki-67 expression status and histological grade. From the table, the distribution of patient histological 

characteristics in either the training (n=130) or testing sets (n=80) was almost the same as that in the 

entire dataset (n=210). The average age of the patients was 52.45 years, and the average tumor size was 

2.21 cm. Chi-square tests showed no significant differences in these clinical variables between the 

training and testing groups (p>0.05). 

2.2. DCE-MRI Data Collection 

DCE-MR images were acquired with a dedicated eight-channel breast array coil for each patient in 

the prone position using a 3.0 T scanning system (Siemens Medical System, Erlangen, Germany). The 

imaging parameters were acquired as follows: repetition time: 4.51 ms, echo time: 1.58 ms, slice 

thickness: 1 mm, flip angle: 10°, field of view, 340340 mm; matrix, 448448; spacing between slices, 

1 mm; and plane resolution, 0.7590.759 mm. Fat-suppressed T1-weighed 3D sequences of the 

imaging scans were obtained with one precontrast image followed by five sequential postcontrast 

images. The contrast agent gadobutrol (0.1 mmol kg
-1

) was intravenously injected using an 

MRI-compatible power injector at a rate of 2 ml s
-1

. The time interval (temporal resolution) between the 

sequential MR scans was 60 seconds. 
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2.3. Image Preprocessing 

The center of the initial breast tumor was manually annotated by a radiologist with 20 years of 

experience. Then, the spatial fuzzy C-means algorithm was used to segment the regions of interest 

(ROIs) in the tumor using manual annotations as input [34]. The segmentation results were manually 

examined by our investigators to minimize segmentation errors. The corrections were conducted on less 

than 10% of all the segmentation results. 

2.4. Radiomic Feature Analysis 

The image series of the precontrast image (S0), the subtraction image between the second 

postcontrast image and S0, and the subtraction image between the fifth postcontrast image and S0 were 

obtained for analysis and were termed S0, S30 and S50, respectively. Additionally, an image map was 

obtained according to the equation (S50-S30)/S30. The shape/size feature was calculated on S0, and 

statistical, texture, and dynamic features were extracted from all the image series/maps. 

All radiomic features were obtained using publicly available software in Python: pyradiomics [35]. The 

features (n=106) included the first-order statistics (n=19), shape/size (n=17), gray-level cooccurrence 

matrix (GLCM)-based texture features (n=21), gray-level zone length matrix (GLSZM)-based texture 

features (n=16), gray-level run length matrix (GLRLM)-based texture features (n=16), neighborhood 

gray tone difference (NGTDM)-based texture features (n=5) and gray-level difference method 

(GLDM)-based texture features (n=12). 

2.5. DMC Based Histological Imputation 

The DMC framework is illustrated in Figure 2. The imaging and matched histological data were 

obtained from each patient. Radiomic features were extracted for each identified tumor image. We 
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employed two embedding layers to map columns and rows into dense values. These dense embedding 

vectors are then fed into the hidden layers of fully connected neural networks. The cosine value between 

the final output of the two hidden layers was calculated to predict the missing values. Since the raw 

input matrix is categorical-continuous-mixed histological and tumor radiomics, it requires an 

embedding layer [36] to transfer them into dense real values before further feeding into the subsequent 

hidden layer. The DMC model was trained in the training set, and the missing values in the testing 

dataset were inferred by utilizing the trained model. 

1) Imputation Matrix Construction 

To constitute an input matrix for the network, histological information (left part of the matrix) and 

the radiomic features (right part of the matrix) were concatenated. An example of an input matrix 

consisting of the histological and radiomics data with the estimated histological information is 

illustrated in Figure 3. Assume the input matrix       , where m and n denote the number of 

features and samples, respectively. In this matrix, row i represents a sample, and column j represents a 

feature (a radiohistological feature consisting of radiomic and histological data). The element 

    represents the values for feature j on sample i. The status of ER, PR, HER2, Ki-67 and tumor grade 

were variables coded as 1 or 0, corresponding to a positive or negative histological status. All radiomic 

features were scaled to areas between 0 and 1 to ensure that they were of the same scale as the binary 

type of histological data. The product of the feature latent vector ui and the sample latent vector vj with 

the same dimension of k. 

2) DMC Network Structure 

The details of the DMC network structures are described below. DMC follows the ideas of a deep 

collaborative filtering network [20] and is specifically modified according to the characteristics of the 



 

This article is protected by copyright. All rights reserved. 

data. As illustrated in Figure 2, the DMC network has two network branches: 1) the feature pattern 

branch that finds the latent pattern of the radiohistological features and 2) the sample branch that 

projects the sample across all the features into the latent vector. 

Each row i and column j of the input matrix Y are connected to the pattern branch and sample branch 

with m and n neurons, corresponding to the number of features and samples, respectively. A dense 

embedding layer with an embedding look-up table is used to transfer the binary value of the histological 

information into continuous values. The output is connected by the hidden layers. For each branch, the 

output of the convolutional layer    is used as the input of the following convolutional layer, which is 

formulated as in (1): 

     (         )                                (1) 

where   ,   , and    denote the weight, bias and activation function for the i
th
 convolution layer, 

respectively. All the nodes in the hidden layers are fully connected; the first two convolutional layers 

use a rectified linear unit (ReLU) as the activation function, and the final (third) layer uses the 

leaky-ReLU activation function. The number of final latent layers corresponds to the dimensionality of 

the latent space in matrix decomposition. 

The interactions between the feature and the sample are estimated by calculating the cosine value 

between the final output of the convolutional layer from two network branches. The estimated 

histological status is produced as follows: 

 ̂         (     )  
  
   

‖  ‖ ‖  ‖
                          (2) 
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where    and    represent the final feature and sample latent vectors generated by the feature pattern 

and sample branches, respectively. 

3) Histological Data Imputation 

Given the input matrix  , the DMC method outputs the estimated matrix  ̂. To learn the model 

parameters, the cross-entropy function was used as the loss function: 

   ∑        ̂   (     )    (   ̂  )(   )                   (3) 

where     denotes the label (ground truth of the binary histological status) and  ̂   denotes the 

predicted variable. 

The number of layers d is set to three, and the numbers of nodes for the three convolutional layers 

(from top to bottom) are 128, 64 and 32. The missing histological data are therefore predicted according 

to probability. The proposed DMC method is compared with the commonly used data imputation 

method, i.e., the NMF [18], and the memory-based collaborative filtering (MCF) method [37]. The 

software used for NMF [38] and MCF [39]-based data imputation is publicly available elsewhere. 

2.6. DMC Network Training 

During training, feature augmentation (n=10) is conducted using rotation (5-145, with 17.5 as a 

step, and n=8) and flips (n=2) to augment the textures to augment the textures based on GLCM, 

GLSZM, GLRLM, NGTDM and GLDM. The fivefold cross-validation procedure is performed to tune 

the parameters of the deep model and to generate the optimal model for data imputation. 

The experiments were performed using an Intel(R) Core (TM) i5–8500 CPU@ 3.00 GHz with 16 

GB memory using the TensorFlow framework. Model parameters are initialized using Xavier and 
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optimized using the Adam optimizer [40]. The hyperparameters were optimized through a 10-fold cross 

validation procedure. Following cross-validation in the training set, the following hyperparameters are 

chosen: batch size, 8; learning rate, 5e-4; L1 normalization ecoefficiency, 5e-4; and epoch, 40. The 

training time is approximately 3 hours. 

2.7. Effect of Feature Numbers in Matrix Completion 

Inspired by a previous study of data imputation using featured genes that contributed most to the 

target [41], we evaluated the performance of matrix imputation by using a variable number of radiomic 

features that correlated with the histological status. Radiomic features related to the investigated 

histological variables (n=5) were selected to constitute the input matrix. The importance of each feature 

was ranked by evaluating the mean decrease in the Gini score of the random forest. The features related 

to the histological variables (i.e., ER, PR, HER2, Ki-67 and histological grade) were ranked separately. 

The optimal feature subset was selected using random forest-based recursive feature elimination (RFE) 

under 10-fold cross-validation. The number of features that were relevant to all the clinical variables 

was 46, and the numbers associated with four, three and two clinical variables were 42, 84, and 102, 

respectively. The final features were ranked according to their importance to all the clinical variables as 

well as to the specific variables. In the imputation applications, a variable number (from 40 to 200) of 

features according to the ranked relevance to the target was used and evaluated. 

2.8. Performance Evaluation 

The evaluation of missing value imputation was conducted in two different manners. Specifically, for 

a patient, missing variables in specific histological status (e.g., ER status) were termed random missing, 

whereas missing variables in all the histological features were termed complete missing. Notably, the 
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performance of complete missing data in addition to random missing data was assessed because 

sometimes data of the entire histological report from a patient are missing. The imputation performance 

for the random missing and complete missing data was evaluated with a missing data rate ranging from 

10 to 40% and an increment step of 5%. 

The area under the receiver operating characteristic (ROC) curve (AUC) values were calculated using 

the estimated variable along with the ground truth label (binary histological variable). The performance 

of the methods in terms of AUCs was compared using a bootstrapping test (pROC package in R 

software). To control for the false discovery rate (FDR), the significance (p-values) for multiple 

comparisons was adjusted using the Benjamini-Hochberg procedure [42]. The sensitivity and 

specificity were obtained with the Youden index method, which maximizes the sum of the sensitivity 

and specificity. 

3. Results 

3.1. Performance Assessment Using Only Histological Data 

The imputation methods were initially evaluated by using only histological information. The DMC, 

NMF and MCF methods were assessed on the testing set at variable missing rates of histological data. 

Among the three methods, the NMF method showed the best performance at variable missing data rates 

(from 10 to 40%) for the random missing and complete missing approaches, whereas the MCF method 

showed the worst performance (Table 2). It is not surprising that the DMC method demonstrated a less 

optimal performance than the NMF method since the number of samples and target-related features was 

limited to learn a nonlinear transformation of source features to the latent space. 
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3.2. Histological Data Imputation Using Radiohistological Features 

Histological data imputation was performed using radiomic features as additional information. To 

assess the impact of the introduced radiomic features, imputation performance was evaluated with 

different numbers of features (Figure 4). Among the methods, DMC achieved the highest performance 

for either the random missing or complete missing approach (Figure 4a and b). For all three methods, 

the optimal imputation performance was achieved when the number of radiomic features was 

approximately 120. 

The performance of the histological imputation methods was compared using a variable number of 

features, and the results with the random missing evaluation approach are shown in Table 3. The DMC 

method had better performance than either the NMF or the MCF methods at all feature numbers. 

Significantly better (corrected p<0.05) performances (in terms of AUCs) were observed at all feature 

numbers for the DMC method than for the MCF methods. 

Similar patterns of performance were observed when evaluating complete missing data (Table S-1). 

The DMC method showed better performance at all feature numbers than either the NMF or MCF 

methods. The imputation results were significantly better for the DMC method than for the MCF 

method at all feature numbers (ranging from 40 to 200) (corrected p<0.05). 

The significance of the imputation methods with and without the radiomic features was also 

examined. DMC methods were significantly (corrected p<0.05) improved at all missing data rates 

(from 10 to 40%), as shown in Table S-2. For the NMF method, no significant (corrected p>0.05) 

improvement in performance was achieved, which suggested a smaller effect of the additional radiomic 

features in imputation (Table S-3). For the MCF method, a significant improvement in performance was 
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observed when the missing data rate was 40% for the random missing approach (corrected p = 0.017) 

(Table S-4). Moreover, the improvement was significant when the missing rates were 20, 30, 35, and 

40% for complete missing data with corrected p values of 0.04, 0.04, 0.027 and 0.017, respectively. The 

results suggested that the deep learning method can benefit from additional radiomics related to 

histological characteristics for data imputation. 

3.3. Performance of Histological Data Imputation Methods with Variable Missing Data Rates 

Missing data imputation was performed by integrating the radiomic features (n=120) identified from 

the above analysis to evaluate model performance with variable missing data rates (ranging from 10 to 40%) 

of histological data. It was not surprising that imputation performance was decreased when the missing data 

rate was increased (Figure 5). The DMC method had a higher AUC than the NMF and MCF methods at all 

missing data rates in the random missing and complete missing evaluations. The ROC curves for all the 

performances of the imputation methods with variable random missing data rates are illustrated in Figure 6. 

For the random missing data, the DMC method showed better performance than the NMF method at 

all the missing rates, but the difference was not significant (Table 4). Moreover, the DMC method 

performed significantly better (corrected p<0.05) than the MCF method at missing data rates from 10 to 

30%. The differences in performance between these methods became nonsignificant (p>0.05) when the 

missing data rate was increased, especially at the value of 40%. For such difficult cases (high missing 

rate), deep learning-based imputation performance is decreased, which may be affected by the noisy 

histological data obtained from heterogeneous tumors. 

The imputation methods that evaluated complete missing data (Table S-5) and random missing 

data showed similar model performance. The DMC method had a higher AUC value than the NMF 
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method at all missing data rates, but the difference was not significant (corrected p>0.05). For 

comparison with MCF, DMC showed significantly better (corrected p<0.05) imputation performances 

at missing data rates ranging from 10 to 30%. The differences in imputation performances between the 

three methods were narrower when the missing data rate decreased. These results suggest that the DMC 

method is superior to the other methods, especially when the missing data rate is less than 40%. 

4. Discussion 

To identify missing immunohistochemical information in the histological reports of breast cancer 

patients, a DMC method was specifically developed by integrating tumor radiomic features as rich and 

additional information. When combining the imaging features, this DMC framework is significantly 

improved. Additionally, this method is superior to the traditional NMF and MCF methods in 

imputation. 

Tumor histological characteristics are commonly identified through radiomic feature-based 

classification methods for predicting the molecular subtype [43], Ki-67 expression level [44, 45] and 

tumor grade [31]. However, predictive models were designed for specific clinical indicators without 

taking full advantage of the reference information of the related histological data and the radiomic 

features. With marked differences, our study used full molecular and imaging information derived from 

tumors, which can be used to efficiently impute multiple clinical indicators in breast cancer. The results 

provide evidence for this method with a better imputation performance via deep learning-based matrix 

completion than either the NMF or MCF method. 

The initial results (Table 2 and Table S-1) obtained by using the histological features alone showed 

imputation performance similar to those of the proposed method with the NMF and MCF methods. In 
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this study, a DMC framework was developed using histological and radiomic features, which greatly 

increased the imputation results. Although all three methods benefitted from the additional features, the 

significance of the improvement in imputation performance was more obvious for the DMC method 

than for either the NMF or MCF method. This is not surprising because many more samples are needed 

for DMC to train the parameters of the network. MCF-based imputation, which is performed essentially 

on the similarity between features/samples, can also be enhanced by accumulating more features related 

to the imputed variables (Table S-4). The results indicated that the imaging-level features could be 

efficiently used for the identification of molecular-level information in data imputation. 

Two missing value evaluation approaches of random missing and complete missing data were 

modeled in our study. This was performed because missing data could occur in specific samples of the 

histological data or in the entire report. In our study, the performance of the data imputation was related 

to the number of radiomic features used. The optimal performance was achieved when an appropriate 

number of features (n=120) associated with the targets was used in the DMC model (Table 3). This 

outcome may be explained by the fact that noisy imaging and histological features derived from the 

same tumor provide complementary tumor characteristics, while a proper number of features could 

enhance the performance. On the other hand, the imputation model would be less effective in 

imputation when a greater number of radiomic features irrelevant to the prediction tasks are included 

for imputation tasks. 

The proposed DMC method showed better performance than either the NMF or MCF methods with 

random missing or complete missing approaches. The benefit of the proposed method lies in three 

aspects. First, we used a strategy that incorporates additional radiomic features derived from tumors, 

which provides more information from the tumor with better imputation performance than that using 
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only the traditional approach that uses histological information. Second, we performed data 

augmentation to increase the number of samples in model training to enhance the prediction power of 

this data‐hungry deep learning approach. Third, the proposed method performed data imputation to 

find a nonlinear projection of the mixed histological information and imaging features derived from the 

same tumor, which may be more effective for noisy data from heterogeneous tumors than either the 

NMF or MCF methods. Tumor radiomics most relevant to prediction tasks were selected to facilitate 

more accurate imputation. As this is a preliminary study, more effective deep learning-based matrix 

factorization methods should be conducted to refine the results of histological data imputation. 

Despite these promising findings, the limitations of this study should be addressed. First, a limited 

number of data samples were used in this study, and more data samples with different imaging 

parameters should be included to refine and validate the study results. Second, radiomic features were 

extracted within the tumor, while more imaging features could be extracted from the parenchyma 

region that surrounds the tumor, which might enhance the imputation performance. Third, while 

DCE-MRI radiomic features were used in this study, more features from imaging, such as 

diffusion-weighted imaging, should be included to enhance imputation. 

5. Conclusion 

In conclusion, we proposed a DMC method by integrating radiomic features derived from tumor 

images to enhance the imputation of missing histological values in breast cancer. Our DMC method 

takes full advantage of multiscale features of molecular and imaging levels that can effectively increase 

the imputation performance. Experiments with a variable number of features and different missing data 

rates demonstrated the effectiveness of this framework on data imputation. This method is flexible and 
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extendable to radiomic features derived from multiparametric imaging methods, such as T2-weighted 

imaging and diffusion-weighted imaging, and can be extended to impute other histological information, 

such as lymph node status. 
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Figure Legends 

 

Figure 1. Data collection 
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Figure 2. Flowchart of the study. Radiomic features were extracted from DCE-MRI of the tumor, and 

histological information from the same tumor was obtained. The imaging and histological data with missing 

values were incorporated and fed into the DMC network. 
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Figure 3. Example illustration of histological information with a 15% missing data rate. 
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Figure 4. Imputation performance (in terms of the AUC values with 95% confidence intervals) of the DMC, 

NMF and MCF methods using different numbers of radiomic features. The results were evaluated on the testing 

set (n=80) with a) random missing and b) complete missing approaches. DMC: deep matrix completion; NMF: 

nonnegative matrix factorization; MCF: memory-based collaborative filtering. The area under the curve (AUC) 

values are shown with 95% confidence intervals. 

 

Figure 5. Imputation performance of DMC, NMF and MCF with different missing data rates for a) random 

missing and b) complete missing evaluations. The results were evaluated on the testing set (n=80). DMC: deep 

matrix completion; NMF: nonnegative matrix factorization; MCF: memory-based collaborative filtering. The 

area under the curve (AUC) values are shown with 95% confidence intervals. 
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Figure 6. ROC curves for the DMC, NMF and MCF methods to predict histological data with different missing 

data rates of a) 10%, b) 20%, c) 30% and d) 40%. The results were evaluated on the testing set (n=80). 

DMC: deep matrix completion; NMF: nonnegative matrix factorization; MCF: memory-based collaborative 

filtering. The area under the curve (AUC) values are shown with 95% confidence intervals. 
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Table 1. Patient Characteristics 

Characteristic All (n=210) 
Training 

(n=130) 

Testing 

(n=80) 
p-value 

Age 52.46±10.50 52.65±10.11 
52.15 ± 

11.10 
0.741 

Family history    0.255 

Yes 34 (16) 24 (18) 10 (13)  

No 176 (84) 106 (82) 70 (87)  

Tumor size (cm) 2.21±1.00 2.28 ± 1.04 2.09 ± 0.94 0.174 

ER status     

Positive 135 (64) 86 (66) 49 (61) 0.471 

Negative 75 (36) 44 (34) 31 (39)  

PR status    0.688 

Positive 127 (60) 80 (62) 47 (59)  

Negative 93 (40) 50 (38) 33 (41)  

HER2 status    0.955 

Positive 73 (35) 45 (35) 28 (35)  

Negative 137 (65) 85 (65) 52 (65)  

Ki-67 expression    0.950 

Positive 157 (75) 97 (75) 60 (75)  

Negative 53 (25) 33 (25) 20 (25)  

Histologic grade    0.277 

High 124 (59) 73 (56) 51 (64)  
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Low 86 (41) 57 (44) 29 (36)  

Menopausal status    0.924 

After 98 (47) 61 (47) 37 (46)  

Before 112 (53) 69 (53) 43 (54)  

Note: Numbers in parentheses are percentages. 

 

 

Table 2. Imputation Performance of the DMC, NMF and MCF Methods using only Histological Data 

MDR (%) 

AUC (Random missing approach) AUC (Complete missing approach) 

DMC NMF MCF DMF NMF MCF 

10 0.721±0.093 0.762±0.082 0.685±0.108 0.730±0.085 0.770±0.088 0.681±0.102 

15 0.711±0.071 0.755±0.077 0.662±0.081 0.707±0.075 0.759±0.078 0.672±0.084 

20 0.698±0.069 0.732±0.072 0.644±0.081 0.682±0.065 0.752±0.063 0.657±0.077 

25 0.675±0.064 0.703±0.067 0.639±0.066 0.683±0.056 0.686±0.063 0.653±0.065 

30 0.661±0.054 0.715±0.059 0.627±0.064 0.653±0.054 0.688±0.055 0.621±0.061 

35 0.640±0.052 0.679±0.052 0.614±0.057 0.633±0.057 0.673±0.057 0.611±0.060 

40 0.602±0.050 0.665±0.050 0.584±0.054 0.611±0.051 0.659±0.050 0.572±0.052 

DMC: deep matrix completion; NMF: nonnegative matrix factorization; MCF: memory-based collaborative 

filtering. The area under the curve (AUC) values are shown with 95% confidence intervals. 
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Table 3. Data Imputation Performance Evaluated with Random Missing Data with a Variable Number of 

Features 

Feature 

Numbers 

DMC NMF MCF  

AUC AUC p value
1
  p value

2
 

40 0.780±0.084 0.767±0.087 0.131 0.706±0.094 0.002 

60 0.794±0.078 0.764±0.088 0.129 0.708±0.096 0.001 

80 0.793±0.080 0.764±0.090 0.129 0.712±0.105 0.002 

100 0.793±0.082 0.772±0.087 0.183 0.711±0.097 0.001 

120 0.793±0.088 0.756±0.090 0.129 0.706±0.092 0.001 

140 0.793±0.082 0.751±0.090 0.129 0.709±0.093 0.002 

160 0.793±0.082 0.766±0.083 0.129 0.707±0.093 0.001 

180 0.786±0.087 0.762±0.090 0.129 0.704±0.099 0.001 

200 0.783±0.087 0.765±0.087 0.192 0.703±0.107 0.002 

1
P-values for comparison of performance between the DMC and NMF methods. 

2
P-values for comparison of 

performance between the DMC and MCF methods. DMC: deep matrix completion; NMF: nonnegative matrix 

factorization; MCF: memory-based collaborative filtering. The area under the curve (AUC) values are shown 

with 95% confidence intervals. All p values were adjusted by the Benjamini-Hochberg procedure. 

 



 

This article is protected by copyright. All rights reserved. 

Table 4. Data Imputation Performance Evaluated with Complete Missing Data with Variable Missing Data 

Rates 

MDR (%) 

DMC  NMF   MCF 

AUC SPE SEN AUC SPE SEN 
1
P AUC SPE SEN 

2
P 

10% 0.80±0.102 0.692 0.889 0.775±0.110 0.833 0.682 0.131 0.723±0.118 0.714 0.731 0.009 

15% 0.793±0.087 0.565 0.973 0.756±0.090 0.741 0.788 0.128 0.706±0.091 0.905 0.487 0.009 

20% 0.782±0.074 0.581 0.898 0.759±0.077 0.813 0.625 0.128 0.707±0.085 0.677 0.673 0.009 

25% 0.753±0.068 0.902 0.576 0.745±0.068 0.950 0.433 0.217 0.704±0.074 0.524 0.828 0.022 

30% 0.736±0.067 0.426 0.945 0.722±0.066 0.880 0.457 0.128 0.696±0.072 0.822 0.560 0.022 

35% 0.716±0.065 0.780 0.633 0.704±0.067 0.741 0.622 0.128 0.681±0.066 0.532 0.785 0.065 

40% 0.705±0.060 0.838 0.489 0.696±0.059 0.881 0.436 0.215 0.684±0.061 0.785 0.632 0.094 

MDR: missing data rates; SEN: sensitivity; SPE: specificity; DMC: deep matrix completion; NMF: nonnegative 

matrix factorization; MCF: memory-based collaborative filtering. The area under the curve (AUC) values are 

shown with 95% confidence intervals.
 1
P-values for comparison of performance between the DMC and NMF 

methods. 
2
P-values for comparison of performance between the DMC and MCF methods. p values are 

adjusted by Benjamini-Hochberg procedure. 

 

 

 


