

[image: image1]
The Right Direction Needed to Develop White-Box Deep Learning in Radiology, Pathology, and Ophthalmology: A Short Review









	
	MINI REVIEW
published: 16 April 2019
doi: 10.3389/frobt.2019.00024





[image: image2]

The Right Direction Needed to Develop White-Box Deep Learning in Radiology, Pathology, and Ophthalmology: A Short Review

Yoichi Hayashi*


Department of Computer Science, Meiji University, Kawasaki, Japan

Edited by:
Thomas Nowotny, University of Sussex, United Kingdom

Reviewed by:
Sunan Huang, National University of Singapore, Singapore
 Nicola Di Mauro, University of Bari Aldo Moro, Italy

* Correspondence: Yoichi Hayashi, hayashiy@cs.meiji.ac.jp

Specialty section: This article was submitted to Computational Intelligence, a section of the journal Frontiers in Robotics and AI

Received: 30 December 2018
 Accepted: 27 March 2019
 Published: 16 April 2019

Citation: Hayashi Y (2019) The Right Direction Needed to Develop White-Box Deep Learning in Radiology, Pathology, and Ophthalmology: A Short Review. Front. Robot. AI 6:24. doi: 10.3389/frobt.2019.00024



The popularity of deep learning (DL) in the machine learning community has been dramatically increasing since 2012. The theoretical foundations of DL are well-rooted in the classical neural network (NN). Rule extraction is not a new concept, but was originally devised for a shallow NN. For about the past 30 years, extensive efforts have been made by many researchers to resolve the “black box” problem of trained shallow NNs using rule extraction technology. A rule extraction technology that is well-balanced between accuracy and interpretability has recently been proposed for shallow NNs as a promising means to address this black box problem. Recently, we have been confronting a “new black box” problem caused by highly complex deep NNs (DNNs) generated by DL. In this paper, we first review four rule extraction approaches to resolve the black box problem of DNNs trained by DL in computer vision. Next, we discuss the fundamental limitations and criticisms of current DL approaches in radiology, pathology, and ophthalmology from the black box point of view. We also review the conversion methods from DNNs to decision trees and point out their limitations. Furthermore, we describe a transparent approach for resolving the black box problem of DNNs trained by a deep belief network. Finally, we provide a brief description to realize the transparency of DNNs generated by a convolutional NN and discuss a practical way to realize the transparency of DL in radiology, pathology, and ophthalmology.
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INTRODUCTION

Recently, deep learning (DL) has become an increasingly popular trend in the machine learning community. The theoretical foundations of DL are well-rooted in the classical neural network (NN) literature. Among the DL architectures, convolutional NNs (CNNs) have made the greatest impact in the field of computer vision (Ravì et al., 2017). CNNs, which are composed of convolutional, pooling, and fully connected layers, are feedforward networks in which information flow occurs in one direction only, from input to output. Similar to artificial NNs (ANNs), CNNs are biologically inspired. To attain the desired network output, CNNs utilize learning algorithms to adjust their free parameters (i.e., biases and weights). Backpropagation (BP) is the most common algorithm used for this purpose (Rumelhart et al., 1986).

A new multi-layered NN model proposed by Fukushima (1979), the neocognitron, was found to be successful at recognizing simple input patterns regardless of a shift in position or distortions in the shape of the input pattern (Fukushima, 1980). This model laid the foundation for the development of CNNs (Rawat and Wang, 2017). As CNNs were derived from the neocognitron, they have a similar architecture (LeCun et al., 2015).

In 1989, LeCun et al. (1989a,b) proposed the first multi-layered CNNs and successfully applied these large-scale networks to real image classification problems. These initial CNNs were reminiscent of the neocognitron (Fukushima, 1979). CNNs have been applied to visual tasks since the late 1980s. In 1998, CNNs (LeCun et al., 1989a,b) were improved upon and used for individual character classification in a document recognition application. LeCun et al. (1998) introduced the popular Modified National Institute of Standards and Technology (MNIST) dataset (LeCun et al., 1998), which has since been used extensively for a number of computer vision tasks.

However, despite their use in several applications, they remained largely underutilized until about a decade ago, when developments in computing power, improved algorithms, and the advent of large amounts of labeled data contributed to their advancement and brought them to the forefront of a NN renaissance (Rawat and Wang, 2017).

Other plausible architectures for DL include those grounded in compositions of restricted Boltzmann machines (Freund and Haussler, 1991) such as deep belief networks (DBNs; Hinton and Salakhutdinov, 2006), which extend ANNs with many layers as deep NNs (DNNs). Prior to this, it was assumed that DNNs were too hard to train due to issues with gradient descent, and thus, not very popular (Bengio et al., 2006).

In contrast to the NN renaissance, careful attention should be paid to the hidden shadow side. Our motivation is to explore the shadow side from the viewpoint of “white box” DL. That is, we should clarify the reason why black-box machine learning, such as CNNs, works well for classification tasks in radiology, pathology, and ophthalmology. Therefore, the aim of the present paper is to review the fundamental limitations and criticisms of DL in radiology, pathology, and ophthalmology and in the conversion from DNNs to decision trees (DTs). We demonstrate transparent approaches for resolving the “black box” nature of DBNs and describe future aspects to realize the transparency of DL in radiology, pathology, and ophthalmology.

RULE EXTRACTION AND THE “BLACK BOX” PROBLEM

Rule extraction is not a new concept, but was originally raised for a shallow NN by Gallant (1988) and Saito and Nakano (1988) for the medical domain. For about the past 30 years, extensive efforts have been made by many researchers to resolve the “black box” problem of trained NNs using rule extraction technology (Hayashi, 1991, 2016, 2017; Andrews et al., 1995; Craven and Shavlik, 1996; Tickle et al., 1998; Mitra and Hayashi, 2000; Bologna, 2001; Setiono et al., 2008; Tran and Garcez d'Avila, 2016).

Rule extraction (Andrews et al., 1995) is a powerful and increasingly popular method of data mining that provides explanations and interpretable capabilities for models generated by shallow NNs. Extracted rules need to be simple and interpretable by humans, and must be able to discover highly accurate knowledge in the medical and financial domains. Rule extraction technology has also been recognized as a technique that attempts to find a compromise between the two requirements (accuracy and interpretability) by building a simple rule set that mimics how a well-performing complex model (“black box”) makes decisions for users (Fortuny and Martens, 2015). Therefore, high-performance classifier research (Tsai, 2014) seems to maintain a sole focus on predictive accuracy only.

Recently, as a promising means to address the “black box” problem, a rule extraction technology that is well-balanced between accuracy and interpretability was proposed for shallow NNs (Hayashi, 2016). Especially, in rule extraction for medical datasets, there is a trade-off between high classification accuracy and interpretability, such as the number of extracted rules (Hayashi and Yukita, 2016). Very recently, (Hayashi and Oisi, 2018) proposed a high-accuracy priority rule extraction algorithm to enhance both the accuracy and interpretability of extracted rules that is realized by reconciling both of these criterions. In addition, Uehara et al. (2018) reported an actual medical application in hepatology using rule extraction.

A RENEWED ATTACK OF THE “BLACK BOX” PROBLEM FOR DEEP NEURAL NETWORK ARCHITECTURES

Particularly in cases involving ethics, such as medicine and finance, and in critical applications in which the correctness of a model's prediction must be manually verified, the interpretability of predictive models is important. In fact, the “black box” nature of DL in medicine, especially in radiology, pathology, and ophthalmology, has been severely criticized. Therefore, a “new black box” problem caused by highly complex DNN models generated by DL must be confronted. To resolve this new black box problem, transparency, and interpretability are needed in DNNs.

By contrast, some researchers have investigated the possibility of mapping DTs and random forests into NNs (Biau et al., 2016). For example, Humbird et al. (2018) proposed a deep, jointly-informed NN (DJINN) algorithm map ensemble of DTs trained on the data into a collection of initialized NNs that would then be trained by BP. The authors presented compelling evidence suggesting that DJINNs represented a robust “black box” algorithm that could generate accurate NNs for a variety of datasets.

However, at present, various “black box” problems remain for DNNs. By contrast, as machine learning-based predictions become increasingly ubiquitous and affect numerous aspects of our daily lives, the focus of current research has moved beyond model performance (e.g., accuracy) to other factors, such as interpretability and transparency (Yang et al., 2018).

APPROACHES TO THE TRANSPARENCY OF DEEP LEARNING IN COMPUTER VISION: THE MNIST CASE

The MNIST dataset (LeCun et al., 1998) is a difficult problem for rule extraction because the inputs are very low-level abstraction pixels in the images that have to be classified into 10-digit classes. The rules must therefore capture the “hidden” low-level abstraction learned by DL. Such image domains are notoriously difficult for symbolic reasoning (Tran and Garcez d'Avila, 2016).

Zilke et al. (2016) first proposed a new decompositional (Andrews et al., 1995) algorithm called DeepRed (DNN rule extraction via tree induction), which extends the continuous/discrete rule extractor via a DT induction algorithm (Sato and Tsukimoto, 2001). Their approach used C4.5 (Quinlan, 1993) to generate rules using postprocessing that describes rules to produce a rule set that mimics the overall behavior of a given DNN. Although the algorithm was quite useful, it did not work well for the MNIST dataset.

Symbolic rules were initially generated from DBNs by Tran and Garcez d'Avila (2016), who trained a network using the MNIST dataset, obtaining a predictive accuracy of 97.63%, an unknown number of rules with a predictive accuracy of 93.97%, and 784 antecedents per rule, which was equal to the input dimensionality.

As clearly demonstrated by Bologna and Hayashi (2016, 2017), when there are a high number of extracted rules in the practical settings, the entire extracted rule set has no practical significant differences from high-performance classifiers such as a DBN. Bologna and Hayashi (2017) reported 65 extracted rules from the MNIST dataset using discretized interpretable multi-layer perceptron (DIMLP) ensembles (Bologna, 2001), resulting in a predictive accuracy of 97.16% and an average number of 11.1 antecedents per rule.

By contrast, the average number of antecedents per rule obtained by Tran and Garcez d'Avila (2016) was 784. Therefore, from a practical trade-off perspective, there is plenty of room to ensure both interpretability and conciseness, e.g., by decreasing the number of rules extracted and the average number of antecedents per rule.

This clearly demonstrates a paradigm shift regarding the transparency of DL using rule extraction for the MNIST dataset, as shown in Figure 1. As shown in the figure, starting with the “black box” nature of DL, we first achieved a low level of transparency (Bologna and Hayashi, 2016), followed by a considerable level of transparency (Bologna and Hayashi, 2017).
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FIGURE 1. Paradigm shift regarding the transparency of deep learning. TS-ACC, Test accuracy.



FUNDAMENTAL LIMITATIONS AND CRITICISMS OF DEEP LEARNING IN RADIOLOGY, PATHOLOGY, AND OPHTHALMOLOGY

The “Black Box” Nature of Deep Learning in Radiology, Pathology, and Ophthalmology

In contrast to computer vision tasks, DL in radiology, pathology, and ophthalmology still has considerable limitations in terms of its interpretability and transparency. To interpret and apply DL to these medical images effectively, sufficient expertise in computer science is required in the clinical setting. This is because of the “black box” nature of DL, where results are generated with high accuracy with no specific medical-based reason. Hence, the results from DL can be difficult to interpret clinically, which can limit their use in medical decision-making (Vial et al., 2018).

Although some researchers have emphasized the importance of improvements in model performance over interpretability, we feel that improvements in the transparency of DL would promote the widespread adoption of such methods for medical imaging in clinical practice. In addition, context plays a role, as life-and-death decisions made by systems with only marginal improvements in accuracy compared with a human practitioner might warrant greater transparency than those with near-perfect accuracy or lower stakes (Shickel et al., 2018).

Especially in medicine, where accountability is of the utmost importance and can have serious legal consequences, DL is often not sufficient as a prediction system. In regard to outcome prediction, the path toward predictive radiotherapy using DL could still be long. Radiation oncologists should first be capable of understanding predictions that are based on DL algorithms; however, these are still considered “black boxes,” and therefore, their interpretation often remains difficult (Shickel et al., 2018).

We describe four examples of “black box” problems in the following sections. In this paper, the “black box” problem (nature) itself is a major limitation; possible solutions are described in Conversion From Deep Neural Networks to Decision Trees, and Limitations and A Transparent Approach for Resolving the “black box” Nature of Deep Belief Networks.

Diagnosis of Diabetic Retinopathy

Gulshan et al. (2016) noted the limitations of their system for the detection of diabetic retinopathy. One fundamental limitation inherent to DNNs is that the NN is provided only with the image and associated grade, not with any explicit definitions of the features that would explain the medical diagnosis. The severity of diabetic retinopathy (none, mild, moderate, severe, or proliferative) was graded according to the International Clinical Diabetic Retinopathy scale. Image quality was assessed by graders using the rubric in the “Grading Instructions.” Thus, after the grading, the prediction of a diagnosis of diabetic retinopathy can be formulated as a classification problem; hence, the diagnostic process is a “black box.”

Histopathological Characterization of Colorectal Polyps

Korbar et al. (2017) noted that the “black box” approach to outcomes was a limitation of DL models in general, and specifically of their system for the histopathological characterization of colorectal polyps to determine the risk of colorectal cancer. Image analysis methods mostly determine the efficacy of the final results, only rarely giving sufficient evidence and details of the factors that contribute to outcomes.

Breast Density Assessment Using Digital Mammograms

Mohamed et al. (2017) reported that breast density needs to be assessed in the large number of digital mammograms acquired every year in breast cancer screening. However, radiologists may be incapable of reproducing their own assessments, and substantial discrepancies have been observed between different radiologists in regard to assessing a breast as either “scattered density” or “heterogeneously dense.” Although reducing this variation in breast density readings is an urgent clinical need, a better understanding of the aspects regarding how radiologists read images, such as how different views of a mammogram are used, is needed; this issue is closely associated with the “black box” nature of DL.

Detection of Metastatic Breast Cancer in Sentinel Lymph Node Biopsies

DL in the clinical setting (LYmph Node Assistant: LYNA) has achieved an area under the receiver operating characteristic curve of 99.6% for the detection of metastatic breast cancer in sentinel lymph node biopsies (Golden, 2017), but not without limitations. Although that study tried to unpack the “black box” mechanisms underlying LYNA's predictions by computing the degree to with they were affected by each pixel, LYNA is still unable to compare the current field of view with similar cells in less ambiguous regions of the same slide or case, which can be done by a pathologist (Liu Y. et al., 2018).

CONVERSION FROM DEEP NEURAL NETWORKS TO DECISION TREES, AND LIMITATIONS

One approach for understanding DNNs generated by DL is to convert the weights of the fully connected network into a more familiar form. The conversion of network weights of DNNs into DTs, which is basically a series of if–then decisions based on criteria used by the network, was proposed by Kontschieder et al. (2015). Although a slight loss in overall accuracy was observed, this approach provided a sense of the information necessary to make decisions.

Subsequently, Zhou and Feng (2017) proposed a method—the multi-Grained Cascade forest (gcForest) method—that can construct a deep forest, which is a deep model based on DTs in which the training process does not rely on BP. Compared with DNNs, the gcForest method has far fewer hyper-parameters, and in their experiments, they could obtain excellent performance across various domains, even when using the same parameter settings. In addition, Yang et al. (2018) proposed a new model at the intersection of DNNs and DTs—a deep neural DT (DNDT), which explores the connections between DNNs and DTs. DNDTs are NNs with a special architecture in which any setting regarding its weights corresponds to a specific DT, thereby making it interpretable. However, because a DNDT is realized by an NN, it inherits several properties that differ from those of conventional DTs. All DNDT parameters are simultaneously optimized using stochastic gradient descent as opposed to a more complex and potentially sub-optimal greedy splitting procedure.

Roy et al. (2018) proposed a network of CNNs, Tree-CNN, that grows hierarchically with the introduction of new classes to the hierarchical structure to avoid catastrophic forgetting (Goodfellow et al., 2013) and leverage the features learned in previous tasks. The branching is based on the similarity of features between the old and new classes. The initial nodes of Tree-CNN assign the input into broad super classes that become more finely classified as they approach the leaves of the network. This type of model allows the convolution layers learned previously to be leveraged and used in the new bigger network. The overall accuracies of Tree-CNN for CIFAR-10 and 100 (Krizhevsky and Hinton, 2009) were shown to be 86.24 and 60.46%, respectively. On the other hand, to the best of our knowledge, these accuracies are considerably lower than state-of-art accuracies, i.e., 95.7% (Li et al., 2018) and 70.8% (Hang and Aono, 2017), respectively. Therefore, Tree-CNN appears to be difficult to apply to the diagnosis of medical images with high accuracy.

Moreover, as Tree-CNN continues to increase in size over time, the implications of this growth on memory requirements, as well as the necessity for storing old training examples, need to be assessed. In this growth, images in Tree-CNN that share common features are closer than those that differ.

Zhang et al. (2019) recently proposed a DT that could explain CNN predictions at the semantic level through the introduction of the following two concepts: bridging middle-layer features with semantic concepts, and bridging middle-layer features with final CNN predictions. They also developed a unique method for revising CNNs and devised a tight coupling of a CNN and a DT. The proposed DT encodes the decision modes of the CNN as quantitative rationales for each prediction.

Generally, because fine-grained decision modes are close to image-specific rationales, they typically yield lower error prediction rates. However, fine-grained decision modes do not achieve higher classification accuracy because they are designed to mine common decision modes for objects in a certain category while ignoring random/negative images; this process differs from the discriminative learning of classifiers (Zhang et al., 2019).

Therefore, we believe that converting a DNN to DTs cannot be performed in a straightforward manner to realize interpretation of a DNN because large and complex DTs are mathematically equivalent to interpretable DTs, which are not always appropriate for the pre-processing of if–then rule expression, and apparently, not interpretable among radiologists, pathologists, and ophthalmologists.

A TRANSPARENT APPROACH FOR RESOLVING THE “BLACK BOX” NATURE OF DEEP BELIEF NETWORKS

As noted by Erhan et al. (2010), in terms of achieving a lower minimum of the empirical cost function, unsupervised pre-training initializes a model to a point in the parameter space that renders the optimization process more effective. The same difficulties are also confronted during the BP learning process. Therefore, in the supervised learning phase, the learning of input information from the feature space by the DBN could initialize the BPNN to well converge an objective function into a near good local optimum, called DBN-NN; this could be the rationale behind the enhancement made possible by a simple idea (Abdel-Zaher and Eldeib, 2016).

The large margin principle (Erhan et al., 2010) can generally be applied to rating category datasets with relatively high numbers of features (attributes) such as biomarkers or radiologists' readings. In fact, very recently, Hayashi (2018) proposed a new method, called DBN Re-RX with J48graft, to extract accurate and interpretable classification rules for DBNs. He applied this method to three rating category datasets (Luo et al., 2017)—the Wisconsin Breast Cancer Dataset1, the Mammographic Mass dataset1, and the Dermatology dataset1—all three of which are small, high-abstraction datasets with prior knowledge. After training these three datasets, he proposed a rule extraction method that could extract accurate and concise rules for DNNs trained by a DBN. These results suggested that the Re-RX family (Hayashi, 2016) could help fill the gap between the very high learning capability of DBNs and the very high interpretability of rule extraction algorithms such as Re-RX with J48graft (Hayashi, 2017). Therefore, a better trade-off between predictive accuracy and interpretability can be achieved in not only rating category datasets, but also image datasets consisting of relatively high-level abstract features.

A comparison of classification using DBN-NN and rule extraction using DBN Re-RX with J48graft for DBNs is shown in Table 1.


Table 1. Comparison of classification using DBN-NN and rule extraction using DBN Re-RX with J48graft for DBNs.
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FUTURE ASPECTS TO REALIZE THE TRANSPARENCY OF DL IN RADIOLOGY, PATHOLOGY, AND OPHTHALMOLOGY

We can extend DBN Re-RX with J48graft (Hayashi, 2018) to “CNN Re-RX” for high-level abstraction datasets using fully connected layer-first CNNs (FCLF-CNNs), in which the fully-connected layers are embedded before the first convolution layer (Liu K. et al., 2018), because the Re-RX family (Hayashi, 2016) uses DTs such as C4.5 (Quinlan, 1993) or J48graft (Hayashi, 2017).

In general, we can extract rules using pedagogical (Andrews et al., 1995) approaches such as C4.5, J48graft, the Re-RX family, Trepan (Craven and Shavlik, 1996), and ALPA (Fortuny and Martens, 2015), regardless of the input and output layers in any type of DL for images with high-level abstraction attributes with prior knowledge. For more details, we will present a concrete method in another paper. However, medical images in radiology, pathology, and ophthalmology are not always provided in a sufficiently high degree of abstraction datasets with prior knowledge. A practical way to avoid this difficulty is to pay attention to the high-level abstraction of attributes associated with medical images.

For example, the digital database for screening mammography (DDSM) (Michael et al., 1998, 2001) consists of mammographic image assessment categories for the breast imaging reporting and data system (BI-RADS) (Obenauer et al., 2005) and the nominal attributes of breast density and patient age. Current approaches using DL are also reliable for various image pre-processing techniques, such as a region of interest selection, segmentation, and feature extraction.

Using data from regularly screened women based on results from a single screening round using digital mammography, Nelson et al. (2016) reported that the false-positive rate was highest among those aged 40–49 years (12.1%), and that the false-negative rates among all women ranged from 0.1 to 0.15%. In two different studies (Moss et al., 1999; Moy et al., 2002), 0.4–3.7% of breast cancers showed false-negative findings on mammography and ultrasound (Chan et al., 2015).

Therefore, we feel that the very high classification accuracy (97.35%) for the DDSM obtained by DL using above pre-processing techniques (Ribli et al., 2018) is often overestimated and somewhat optimistic. In this case, the pre-processing techniques mentioned above make the transparency of DL more difficult.

We can extract important rules from attributes associated with medical images using the Re-RX family. However, the classification accuracy using extracted rules is slightly lower than that using whole images trained by a CNN, so we should recognize that to establish accountability, one of the most important issues in medical imaging is to explain the classification results clearly.

CONCLUSION

We have provided a review regarding the right direction needed to develop “white box” DL in radiology, pathology, and ophthalmology. We believe that the most important point to realize the transparency of DL in radiology, pathology, and ophthalmology is not that driven features rely on filter responses solicited from a large amount of training data, which suffer from a lack of direct human interpretability; rather, we should utilize the high-level abstraction of attributes associated with medical images with prior knowledge graded and/or rated by radiologists, pathologists, and ophthalmologists.

It should be noted that theoretically, the DT provides only an approximate explanation of CNN predictions, as opposed to an accurate reconstruction of CNN representation details. In radiology, pathology, and ophthalmology, a conversion method of CNN to DTs should be developed with greater preservation of accuracy and interpretability (more concise and less complex). The key points shared by DBN-NN, DBN Re-RX with J48graft, and CNN-Re-RX involve capturing high-level abstraction of unstructured data such as images.

Very recently, Hosaka (2019) attempted to apply a CNN to the prediction of corporate bankruptcy, which in most cases, is treated as a two-class classification problem. This idea may be promising to rule extraction for time series datasets via CNN representation. However, middle-level abstraction data generated from images enables wider classes of transparency of CNNs, so the question of how to generate middle-level abstraction data for images remains open.

High-dimension fully connected layers can easily lead to slow convergence and a risk of overfitting (Srivastava et al., 2014) during the training stage. We hope that CNNs can maintain their considerably high performance even if the feature dimension is low; this would show that the small number of hidden units are capable of training powerful discriminative representations (Xu et al., 2019). In other words, classification accuracies will be saturated with unexpectedly small dimensions of features in image datasets. When these characteristics are utilized, much smaller DTs with approximately the same level of accuracy as the highest accuracy using the conversion of CNNs can be generated; this compactness of DTs would be helpful for the transparency of CNNs.

AUTHOR CONTRIBUTIONS

YH researched the bibliography, wrote the first draft, and reviewed the final manuscript to be submitted for publication.

FUNDING

This work was supported in part by the Japan Society for the Promotion of Science through a Grant-in-Aid for Scientific Research (C) (18K11481).

FOOTNOTES

1Repository. (2015). University of California Irvine Learning Repository, http://archive/ics.uci/edu/

REFERENCES

 Abdel-Zaher, A. M., and Eldeib, A. M. (2016). Breast cancer classification using deep belief networks. Expert Syst. Appl. 46, 139–144. doi: 10.1016/j.eswa.2015.10.015

 Andrews, R., Diederich, J., and Tickele, A. (1995). Survey and critiques of techniques for extracting rules from trained artificial neural networks. Knowledge Based Syst. 8, 373–389. doi: 10.1016/0950-7051(96)81920-4

 Bengio, Y., Lamblin, P., Popovici, D., and Larochelle, H. (2006). “Greedy layer-wise training of deep networks,” in Advances in Neural Information Processing Systems, vol. 19, eds J. C. Platt, D. Koller, Y. Singer, and S.T. Roweis (Red Hook, NY: Curran), 2814–2822.

 Biau, G., Scornet, E., and Welbl, J. (2016). Neural Random Forests. [Online]. eds Sankhya A. (2016) Available online at: https://arxiv.org/abs/1604.07143

 Bologna, G. (2001). A study on rule extraction from several combined neural networks. Int. J. Neural Syst. 11, 247–255. doi: 10.1142/S0129065701000680

 Bologna, G., and Hayashi, Y. (2016). “A rule extraction study on neural network trained by deep learning,” in Proceedings of the International Joint Conference on Neural Networks (IJCNN 2016), (Vancouver), 668–675.

 Bologna, G., and Hayashi, Y. (2017). Characterization of symbolic rules embedded in deep DIMLP networks: a challenge to transparency of deep learning. J. Artificial Intellig. Soft Comp. Res. 7, 265–286. doi: 10.1515/jaiscr-2017-0019

 Chan, C. H. F., Coopey, S. B., Freer, P. E., and Hughes, K. S. (2015). False-negative rate of combined mammography and ultrasound for women with palpable breast masses. Breast Cancer Res. Treat. 153, 699–702. doi: 10.1007/s10549-015-3557-2

 Craven, J. M., and Shavlik, J. (1996). “Extracting tree-structured representations of trained networks,” in Advances in Neural Information Processing Systems, vol. 8, eds D. S. Touretzky, M. C. Mozer, and M. E. Hasselmo (Cambridge, MA: MIT Press), 24–30.

 Erhan, D., Bengio, Y., Courville, A., Manzagol, P. A., and Vincent, A. (2010). Why does unsupervised pre-training help deep learning? J. Mach. Learn. Res. 11, 625–660.

 Fortuny, E. J. D., and Martens, D. (2015). Active learning-based pedagogical rule extraction. IEEE Trans. Neural Netw. Learn. Syst. 26, 2664–2677. doi: 10.1109/TNNLS.2015.2389037

 Freund, Y., and Haussler, D. (1991). “Unsupervised learning of distributions of binary vectors using 2-layer networks,” in Advances in Neural Information Processing Systems, vol. 4, eds J. Moody, S. J. Hanson, and R. Lippmann (San Francisco, CA: Morgan Kaufmann), 912–919.

 Fukushima, K. (1979). “Self-organization of a neural network which gives position invariant response,” in Proceedings of the 6th International Joint Conference on Artificial Intelligence, vol. 1. (San Francisco, CA: Morgan Kaufmann), 291–293

 Fukushima, K. (1980). Neocognitron: a self-organizing neural network model for a mechanism of pattern recognition unaffected by shift in position. Biol. Cybernet. 36, 193–202. doi: 10.1007/BF00344251

 Gallant, S. I. (1988). Connectionist expert systems. Commun. ACM 31, 152–169. doi: 10.1145/42372.42377

 Golden, J. A. (2017). Deep learning algorithms for detection of lymph node metastases from breast cancer helping artificial intelligence be seen. JAMA 318, 2184–2186. doi: 10.1001/jama.2017.14580

 Goodfellow, I. J., Mirza, M., Xiao, D., Courville, A., and Bengio, Y. (2013). “An empirical investigation of catastrophic forgetting in gradient-based neural networks. Preprint arXiv:1312.6211,” in Proceedings of International Conference on Learning Representations (ICLR) 2014, (Banff, AB).

 Gulshan, V., Peng, L., Coram, M., Stumpe, M. C., Wu, D., Narayanaswamy, A., et al. (2016). Development of and validation of a deep learning algorithm for detection of diabetic retinopathy in retinal funds photographs. JAMA 316, 2402–2410. doi: 10.1001/jama.2016.17216

 Hang, S. H., and Aono, M. (2017). Bi-linearly weighted fractional max pooling: an extension to convolutional neural network. Multimedia Tools Appl. 76, 22095–22117. doi: 10.1007/s11042-017-4840-5

 Hayashi, Y. (1991). “A neural expert system with automated extraction of fuzzy if–then rules and its application to medical diagnosis,” in Advances in Neural Information Processing Systems, vol. 3, eds R. P. Lippmann, J. E. Moody, D. S. Touretzky (Los Altos, CA: Morgan Kaufmann), 578–584.

 Hayashi, Y. (2016). Application of rule extraction algorithm family based on the Re-RX algorithm to financial credit risk assessment from pareto optimal perspective. Operations Res. Perspect. 3, 32–42. doi: 10.1016/j.orp.2016.08.001

 Hayashi, Y. (2017). Synergy effects between the grafting and the subdivision in the Re-RX with J48graft for the diagnosis of thyroid disease. Knowledge Based Syst. 131, 170–182. doi: 10.1016/j.knosys.2017.06.011

 Hayashi, Y. (2018). Use of a deep belief network for small high-level abstraction data sets using artificial intelligence with rule extraction. Neural Comput. 30, 3309–3326. doi: 10.1162/neco_a_01139

 Hayashi, Y., and Oisi, T. (2018). High accuracy-priority rule extraction for reconciling accuracy an interpretability in credit scoring. N. Gener. Comp. 36, 393–418. doi: 10.1007/s00354-018-0043-5

 Hayashi, Y., and Yukita, S. (2016). Rule extraction using recursive-rule extraction algorithm with J48graft with sampling selection techniques for the diagnosis of type 2 diabetes mellitus in the Pima Indian Dataset. Inform. Med. Unlocked 2, 92–104. doi: 10.1016/j.imu.2016.02.001

 Hinton, G. E., and Salakhutdinov, R. R. (2006). Reducing the dimensionality of data with neural networks. Science 313, 504–507. doi: 10.1126/science.1127647

 Hosaka, T. (2019). Bankruptcy prediction using imaged financial ratios and convolutional neural networks. Expert Syst. Appl. 117, 287–299. doi: 10.1016/j.eswa.2018.09.039

 Humbird, K. D., Peterson, J. L., and McClarren, R. G. (2018). Deep neural network initialization with decision trees. IEEE Trans. Neural Netw. Learn. Syst. doi: 10.1109/TNNLS.2018.2869694. [Epub ahead of print].

 Kontschieder, P., Fiterau, M., Criminisi, A., and Bulo, S. R. (2015). “Deep neural decision forests,” in Proceedings of the IEEE International Conference on Computer Vision (ICCV), (Santiago), 1467–1475.

 Korbar, B., Olofson, A. M., Miraflor, A. M., Nicka, C. M., Suriawinata, M. A., Torresani, L., et al. (2017). Deep learning for classification of colorectal polyps on whole-slide images. J. Pathol. Inform. 8:30. doi: 10.4103/jpi.jpi_34_17

 Krizhevsky, A., and Hinton, G. (2009). Learning Multiple Layers of Features From Tiny Images. Technical report, University of Toronto, 1.

 LeCun, Y., Bengio, Y., and Hinton, G. (2015). Deep learning. Nature 521, 436–444. doi: 10.1038/nature14539

 LeCun, Y., Boser, B., Denker, J. S., Henderson, D., Howard, R. E., Hubbard, W., et al. (1989a). “Handwritten digit recognition with a back-propagation network,” in Advances in neural information processing systems, vol. 2, ed D. S. Touretzky (Cambridge, MA: MIT Press), 396–404.

 LeCun, Y., Boser, B., Denker, J. S., Henderson, D., Howard, R. E., Hubbard, W., et al. (1989b). Backpropagation applied to handwritten zip code recognition. Neural Comput. 1, 541–551. doi: 10.1162/neco.1989.1.4.541

 LeCun, Y., Bottou, L., Bengio, Y., and Haffner, P. (1998). Gradient-based learning applied to document recognition. Proc. IEEE 86, 2278–2324. doi: 10.1109/5.726791

 Li, S., Song, W., Qin, H., and Hao, A. (2018). Deep variance network: an iterative, improved CNN framework for unbalanced training datasets. Pattern Recogn. 81, 294–308. doi: 10.1016/j.patcog.2018.03.035

 Liu, K., Kang, G., Zhang, N., and Hou, B. (2018). Breast cancer classification based on fully-connected layer first convolutional neural networks. IEEE Access 6, 23722–23732. doi: 10.1109/ACCESS.2018.2817593

 Liu, Y., Kohlberger, T., Norouzi, M., Dahl, G. E., Smith, J. L., Mohtashamian, A., et al. (2018). Artificial intelligence-based breast cancer nodal metastasis detection insights: into the black box for pathologists. Arch. Pathol. Lab. Med. doi: 10.5858/arpa.2018-0147-OA

 Luo, C., Wu, D., and Wu, D. (2017). A deep learning approach for credit scoring using credit default swaps. Eng. Appl. Artific. Intellig. 65, 406–420. doi: 10.1016/j.engappai.2016.12.002

 Michael, H., Kevin, B., Daniel, K., et al. (1998). “Current status of the digital database for screening mammography,” in 4th International Workshop on Digital Mammography. Kluwer Academic Publishers, 457–460.

 Michael, H., Kevin, B., Daniel, K., et al. (2001). “The digital database for screening mammography,” in 5th International Workshop on Digital Mammography (Toronto, ON: Medical Physics Publishing), 212–218.

 Mitra, S., and Hayashi, Y. (2000). Neuro–fuzzy rule generation: Survey in soft computing framework. IEEE Trans. Neural Netw. 11, 748–768. doi: 10.1109/72.846746

 Mohamed, A. A., Luo, Y., Peng, H., Jankowitz, R. C., and Wu, S. (2017). Understanding clinical mammographic breast density assessment: a deep learning perspective. J. Digit Imag. 31, 387–392. doi: 10.1007/s10278-017-0022-2

 Moss, H. A., Britton, P. D., Flower, C. D. R., Freeman, A. H., Lomas, D. J., Warren, R. M. L., et al. (1999). How reliable is modern breast imaging in differentiating benign from malignant breast lesions in the symptomatic population? Clin. Radiol. 54:676–682. doi: 10.1016/S0009-9260(99)91090-5

 Moy, L., Slanetz, P. J., Moore, R., Satija, S., Yeh, E. D., and McCarthy, K. A. (2002). Specificity of mammography and US in the evaluation of a palpable abnormality: retrospective Review. Radiology 225, 176–181. doi: 10.1148/radiol.2251010999

 Nelson, H. D., O'Meara, E. S., Kerlikowske, K., Balch, S., and Miglioretti, D. (2016). Factors associated with rates of false-positive and false-negative results from digital mammography screening: an analysis of registry data. Ann. Intern. Med. 164, 226–235. doi: 10.7326/M15-0971

 Obenauer, S., Hermann, K., and Grabbe, E. (2005). Applications and literature review of the BI-RADS classification. Eur. Radiol. 15, 1027–1036. doi: 10.1007/s00330-004-2593-9

 Quinlan, J. R. (1993). C4.5: Programs for Machine Learning. San Mateo, CA: Morgan Kaufmann.

 Ravì, D., Wong, C., Deligianni, F., Berthelot, M., Andreu-Perez, J., Lo, B., et al. (2017). Deep learning for health informatics. IEEE J. Biomed. Health Inform. 21, 4–21. doi: 10.1109/JBHI.2016.2636665

 Rawat, W., and Wang, Z. (2017). Deep convolutional neural networks for image classification: a comprehensive review. Neural Comput. 29, 2352–2449. doi: 10.1162/neco_a_00990

 Ribli, D., Horváth, A., Unger, Z., Pollner, P., and Csabai, I. (2018). Detecting and classifying lesions in mammograms with deep learning. Sci. Rep. 8:4165. doi: 10.1038/s41598-018-22437-z

 Roy, D., Panda, P., and Roy, K. (2018). Tree-CNN: a hierarchical deep convolutional neural network for incremental learning. arXiv: 1802.05800 [Preprint]. Available online at: https://arxiv.org/abs/1802.05800

 Rumelhart, D. E., Hinton, G. E., and Williams, R. J. (1986). Learning representations by back-propagating errors. Nature 323, 533–536. doi: 10.1038/323533a0

 Saito, K., and Nakano, R. (1988). “Medical diagnosis expert systems based on PDP model,” in Proceedings IEEE Interenational Conference Neural Network, (San Diego, CA), I.255–I.262.

 Sato, M., and Tsukimoto, H. (2001). “Rule extraction from neural networks via decision tree induction,” in Proceedings of the International Joint Conference on Neural Networks, Vol. 3. IEEE, (Washington, DC), 1870–1875.

 Setiono, R., Baesens, B., and Mues, C. (2008). Recursive neural network rule extraction for data with mixed attributes. IEEE Trans. Neural Netw. 19, 299–307. doi: 10.1109/TNN.2007.908641

 Shickel, B., Tighe, P. J., Bihorac, A., and Rashidi, P. (2018). Deep EHR: a survey of recent advances in deep learning techniques for electronic health record (EHR) analysis. IEEE J. Biomed. Health Inform. 22, 1589–1604. doi: 10.1109/JBHI.2017.2767063

 Srivastava, N., Hinton, G. E., Krizhevsky, A., Sutskever, I., and Salakhutdinov, R. (2014). Dropout: a simple way to prevent neural networks from overfitting, J. Mach. Learn. Res. 15, 1929–1958.

 Tickle, A. B., Andrews, R., Golea, M., and Diederich, J. (1998). The truth will come to light: directions and challenges in extracting the knowledge embedded within trained artificial neural networks. IEEE Trans. Neural Netw. 9, 1057–1068. doi: 10.1109/72.728352

 Tran, S. N., and Garcez d'Avila, A. S. (2016). Deep logic networks: inserting and extracting knowledge from deep belief networks, IEEE Trans. Neural. Netw. Learn. Syst. 29, 246–258. doi: 10.1109/TNNLS.2016.2603784

 Tsai, C.-F. (2014). Combining cluster analysis with classifier ensembles to predict financial distress. Inform. Fusion 16, 46–58. doi: 10.1016/j.inffus.2011.12.001

 Uehara, D., Hayashi, Y., Seki, Y., Kakizaki, S., Horiguchi, N., Hashizume, H., et al. (2018). The non-invasive prediction steatohepatitis in Japanese patients with morbid obesity by artificial intelligence using rule extraction technology. World J. Hepatol. 10, 934–943. doi: 10.4254/wjh.v10.i12.934

 Vial, A., Stirling, D., Field, M., Ros, M., Ritz, C., Carolan, M., et al. (2018). The role of deep learning and radiomic feature extraction in cancer-specific predictive modelling: a review. Transl. Cancer Res. 7, 803–816. doi: 10.21037/tcr.2018.05.02

 Xu, T.-B., Yang, P., Zhang, X. Y., and Liu, C.-L. (2019). LightweightNet: Toward fast and lightweight convolutional neural networks via architecture distillation. Pattern Recogn. 88, 272–284. doi: 10.1016/j.patcog.2018.10.029

 Yang, Y., Morillo, I. G., and Hospedales, T. M. (2018). Deep Neural Decision Trees, 2018 ICML Workshop on Human Interpretability in Machine Learning (WHI 2018), (Stockholm), 34–40. Preprint arXiv:1806.06988.

 Zhang, R., Yang, Y., Ma, H., and Wu, Y. N. (2019). Interpreting CNNs via decision trees. arXiv:1802.00121 [Preprint]. Available online at: https://arxiv.org/abs/1802.00121

 Zhou, Z.-H., and Feng, J. (2017). “Deep forest: towards an alternative to deep neural networks,” in Proceedings of the Twenty-Sixth International Joint Conference on Artificial Intelligence (IJCAI-17), (Melbourne, VIC), 3553–3559.

 Zilke, J. R., Mencía, E. L., and Janssen, F. (2016). DeepRead–rule extraction from deep neural networks. Lecture Notes Artificial Intellig. 9956, 457–473. doi: 10.1007/978-3-319-46307-0_29

Conflict of Interest Statement: The author declares that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2019 Hayashi. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/frobt-06-00024-g001.gif
[R5 Then





OPS/images/frobt-06-00024-t001.jpg
Method to Rationale for
achieve better better

initialization
DBN-NN DBN Large margin
principle
DBN Re-RX with J48graft  DBN Large margin
principle

Transfer of
weights

Full transfer

One-to-one
mapping

DBN, Deep belief network; NN, Neural network; Re-RX, Recursive-Rule eXtraction.

Main
component
BP

Re-RX with
Jasgraft

Advantages

High classification accuracy

Rule extraction (transparency)
and classification

Limitations

No transparency

Slightly lower classification
accuracy





OPS/images/cover.jpg
’ frontiers
in Robotics and Al

The Right Direction Needed to
Develop White-Box Deep Learning in
Radiology, Pathology, and
Ophthalmology: A Short Review









OPS/images/crossmark.jpg
©

2

i

|





OPS/images/logo.jpg
’ frontiers
in Robotics and Al





