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ABSTRACT
Background: This study aims to analyze the work done in the field of explainability related
to artificial intelligence, especially in the medical field from 2004 onwards using the
bibliometric methods.
Methods: different articles based on the topic leukemia detection were retrieved using one of
the most popular database- Scopus. The articles are considered from 2004 onwards. Scopus
analyzer is used for different types of analysis including documents by year, source, county
and so on. There are other different analysis tools such as VOSviewer Version 1.6.15. This is
used for the analysis of different units such as co-authorship, co-occurrences, citation
analysis etc.
Results: In our study, the Scopus search has the outcome of a total of 91 articles on
explainability of Al from 2004 onwards. The topic is so popular and is newly introduced. The
maximum articles are published in the year 2020. Computer science area contributed the
largest number of articles of 37% and United states contributed most of the articles in the
field. Network analysis of different parameters shows a good potential of the topic in terms of
research.
Conclusions: Scopus keyword search outcome has 91 articles with English language having
the largest number of 90 and one is contributed in German language. Authors, documents,
country, affiliation etc are statically analyzed and indicates the potential of the topic.
Network analysis of different parameters indicates that, there is a lot of scope to contribute in
the further research in terms of explainability in medical fields including diagnosis in
imaging. There are advanced algorithms of computer vision, deep learning and machine

learning are utilized in medical diagnosis as far as imaging is concerned. Explainable Al



frameworks will prove to increase the trustability in medical diagnosis.
Keywords: medical imaging, explainability, artificial intelligence, Al, citation, co-

occurrence

l. INTRODUCTION
1.1 Major diagnosis techniques in medical imaging

1. X-ray imaging

2. Magnetic resonance imaging (MRI)

3. Computer tomography (CT)

4. Ultrasound imaging

5. Microscopic imaging
These are the imaging techniques used for the detection of a particular abnormality in the
human body. The abnormality may be related to a particular organ also. The detection and
diagnosis is always very critical as far as the imaging techniques are concerned. It requires a
very trained and experienced radiologist or pathologist in this case.
There are many software frameworks for detection and diagnosis of abnormalities via
medical imaging. MRI [36][38] and CT are used for different abnormalities related to brain,
spinal cord and other organs. Ultrasound is also popular technigue that detects the existence
of abnormalities in different parts of the body. Popular organs include liver, kidney, abdomen
etc. Moreover, microscopic imaging is very popular as it observes the images under
microscope. This is generally popular for blood analysis by suing different morphological
features [1-3]. Different cancerous tissues could be observed after the biopsies of a particular
organ via microscope examination [21][25][41][51]. Various diseases could cause the blood
parameters to change their morphologies, counts and other features. Microscopic examination
of blood cells could give various ailments attack on human body. Different viral diseases
such as, leukemia[4-8][12][14-15][20][29][31-34], sickle cell disease[16-18], blood cell
detection and counting[13][22][26-27] could be detected by this examination.

1.2 Requirement of automated techniques

Although, there are a number of techniques for disease detection via medical imaging, the decision is
crucial many times. So there is a need to have an automated framework for the detection and
diagnosis purposes. There are different automated frameworks employing machine learning, deep
learning, computer vision and image processing algorithms for detection of different diseases via
medical imaging.

1.3 Unexplainable Nature: of the popular machine learning and deep learning is a challenge in many



ways. Due to lack of explanation of what actually happens inside the classifier such as CNN, it is of
very lesser use for commercial purposes. The classifiers are generally considered to be black-boxes as
far as there training and output results are concerned [43][50]. So there nay the correct decision due
to wrong inputs or wrong interpretation by classifier.

1.4 Explainable Al: This can play a very important role in these kinds of cases, especially diagnosis
decision s in medical imaging. There are 3 stages in Explainable Al as shown in figure 1. Stage 1
consists of explainable building process. A stage 2 is the explainable decisions and stages 3 is the
process of explainable decisions [35][37][42] [44-49][52]. There are many popular frameworks of
explainable Al including SHAP, LIME, etc. These frameworks can explain how the decision of
diagnosis is been taken by any of the deep leering and machine learning algorithms. This area is very
popular in the research now a day. So the same area database is analyzed and the potential of research

is explored in the same area.

Fully explainable
Stage 3 models (Decision
Explainable decision process Tree, Rule Set,
Linear

Regressions, )

Enables interopperability with business logic

Model

explainability
Stage 2 techniques
Explainable decisions (SHAP,

LIME, ...)
Fosters trust with users & supervisors

Visualization &
offline

Stage 1
Explainable building process

Facilitates acceptance

Explainable Machine Learning Techniques

Figure 1: Three stages of Explainable Al (35)

1. MATERIALS AND METHODS



2.1 Primary Database Collection

There are certain popular databases worldwide those include the research articles, such as
scopus, web of science, google scholar, scimago etc. A very wide range of publications are
covered by these databases. Scopus is the most popular databases and is one of the largest. So
we have used Scopus database for our analysis. The keywords search has given a total of 91
number of publication as output. The different keywords are used for the searching of the
databases across the world. There is no any restriction on country, language etc. Each
publication has the information such as author, country, citations, documents, sources etc.
This information is used for the analysis.

Fundamental Keywords
Table 1: List of Primary and Secondary Keywords

Fundamental Explainable Al in Medical

Keyword

Primary Explainable AND Al AND Medical
Keywords

using (AND)

Thus the query for searching the documents in Scopus is:
( TITLE-ABS-KEY (explainable) AND TITLE-ABS-

KEY (ai) AND TITLE-ABS-KEY ( medical ))

2.2 Initial Search Outcomes
On the Scopus database, using the different keywords related to our work, the publications
are obtained. These are analyzed according to the language. It is found that, English language

has the highest number of publications of 606, followed by Chinese.

Table 2: Language Trends of Publications

Language of publishing Publication count
English 90
German 01
Total 91

Source: http://www.scopus .com (assessed on 9™ Feb. 2021)

2.3 Publication outcome based on Top 15 Keywords



During the search, many keywords are found in addition to the fundamental keywords. Top
15 keywords are listed here in the table. Disease is the keyword having the highest

publications. Generally all these keywords are found to be related to health and technology.
Table 3: Publication Analysis based on Top 15 keyword Analysis

Source: http://www.scopus.com (assessed on 9™ Feb. 2021)

Sr. No. Keyword Publications
1. Explainable Al 43
2. Deep Learning 29
3. Diagnosis 29
4. Artificial Intelligence 26
5. Machine Learning 26
6. Learning Systems 21
7. Medical Imaging 18
8. Human 16
9. Decision Making 11
10. Interpretability 11
11. Convolutional Neural Networks 10
12. Explainable Artificial Intelligence 9
13. Neural Networks 9
14. Classification (of Information) 8
15. Deep Neural Networks 8
16. Explainability 8
17. XAl 8




. PERFORMANCE ANALYSIS
VOSviewer 1.6.15 [19][28] is the software that is used for the database analysis in addition to
the analysis form Scopus. It provides a very effective way to analyze the co-citations, co-
occurrences, bliometric couplings etc.
Following types of analysis is performed.
Statistical Analysis of Databases

1. Documents by Source

2. Documents by year

3. Documents by subject area

4

Documents by Type

5. Documents by Country

6. Documents by author

7. Documents by affiliation

8. Documents by top funding agencies
Network Analysis of Databases

1. Co-authorship: Authors, organizations, country

2. Co-occurrence: All keywords, Author keywords, Index keywords
3. Citation Analysis: Sources, authors, organizations, country
4

Bibliographic coupling: Documents, Authors

I1l.  RESULTS AND DISCUSSION
Analysis is performed by two different ways, statistical analysis of database and network
analysis.

4.1 Statistical Analysis

4.1.1 Document Analysis by Sources

Database indicates different sources such as conferences, journal, book chapter, notes, and
reviews and so on. Year-wise publication statistics are shown in the table. Figure shows the
graphical representation of the different sources with number of documents published year-
wise.

Lecture Notes In Computer Science Including Subseries Lecture Notes In Artificial Intelligence And

Lecture Notes In Bioinformatics 21 documents and Ceur Workshop Proceedings 5 documents


https://www.scopus.com/sourceid/25674?origin=resultsAnalyzer&zone=sourceTitle
https://www.scopus.com/sourceid/25674?origin=resultsAnalyzer&zone=sourceTitle
https://www.scopus.com/sourceid/21100218356?origin=resultsAnalyzer&zone=sourceTitle

Compare the document counts for up to 10 sources. Compare sources and view CiteScore, SJR, and SNIP data

15
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8- Lecture Notes In Computer Science Including Subseries Lecture Notes In Artificial Intelligence And Lecture Notes In
Bioinformatics
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<4 BMC Medical Informatics And Decision Making <#= Communications In Computer And Information Science

Figure 2: Analysis of Documents by Sources

Source: http://www.scopus .com (assessed on 9™ Feb. 2021)
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Figure 3: Analysis of Documents by year

Source: http://scopus.com, (assessed on 9" Feb. 2021)

4.1.2 Documents Analysis by year
Documents are collected from scopus database in the year 2011 to 2021 including different
sources such as conferences, journal, book chapter etc. The table shows the statistical

information and graphical representation is as shown in figure. It is observed from the












C) Co-occurrence in terms of Index Keywords
Co-concurrence is also considered by index keywords of 798, only 74 met the threshold with
the threshold of 3 keywords. Diagnosis keywords has the highest co-occurrence value of 28
with higher link strength of 162, followed by the keyword “Deep Learning” with value of 25.

Figure 15: Co-occurrence of Index Keywords

Source: http://scopus.com, (assessed on 9" Feb. 2021)
4.2.3. Network Analysis of Citations
This analysis is done with the units of analysis including documents, sources, authors,
country and organization.
A) Citation Analysis of Documents
Out of total of 91 documents, minimum 2 citations are considered as a threshold per
document. So there are a total of 28 documents met the threshold. Goebel R. (2018) has the

highest number of citations 61.

Figure 16: Network Analysis of Citations (In terms of Documents)
Source: http://scopus.com, (assessed on 9" Feb. 2021)

B) Citation Analysis of Sources



Citation analysis of sources is obtained by considering the threshold of 2 citations per source.
Out of the 56sources only 13 met the threshold. Lecture Notes in Computer Science has got

maximum number of documents of 21 with the citations of 82.
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Figure 17: Network Analysis of citation by sources Source: http://scopus.com, (assessed on 9™ Feb. 2021)
C) Citation analysis by Authors

Threshold considered here is 2 citations per author. A total of 333 authors met the threshold

amongst the total of 24 authors. Holzinger A. has maximum citations of 116 with highest

number of documents of 7.

chennuipotla s.c
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Figure 18: citation analysis by Authors, Source: http://scopus.com, (assessed on 9" Feb. 2021)



D) Citation analysis by organization
Considering minimum documents of 2 per organization as threshold, 4 organizations met the
threshold out of 228 organizations. Department Of Pathology, Faculdade De Medicina,
Universidade De S&o Paulo, Sdo Paulo, Brazil has Maximum citations of 27.

upme magee-w@inens hospital, pi

vrvis zentrum fur virtual real

department dfffelectrical engin

department ofjpathology, facul
At VOSviewer

Figure 19: Citations by Organizations, Source: http://scopus.com, (assessed on 9™ Feb. 2021)
E) Citation analysis by country
Total of 32 countries have the databases of the explainable Al work. Out of which 11 met the
citation criteria considering a threshold of minimum 2 citations per country and 3 documents

per country.

gerggany

bragil

austyia
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Figure 20: Citation analysis of country, Source: http://scopus.com, (assessed on 9" Feb. 2021)

4.2.4. Network Analysis of Bibliographic Coupling



A) Bibliographic Coupling of Documents
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Figure 21: Bibliographic coupling of documents, Source: http://scopus.com, (assessed on 9™ Feb. 2021)

B) Bibliographic coupling of Sources

A total of 56 sources considered for bibliographic coupling with the threshold of

minimum of 1. Lecture Notes in Computer Science has highest link strength of 432.
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Figure 22: Bibliographic coupling of Sources, Source: http://scopus.com, (assessed on 9" Feb. 2021)



C) Bibliographic coupling of Authors
Considering, 2 documents per author as a minimum threshold value. Out of total 333 authors,

24 authors met the threshold criteria.
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Figure 23: Bibliographic coupling of Authors, Source: http://scopus.com, (assessed on 9™ Feb. 2021)
D) Bibliographic coupling of Organizations :

Out of 228 organizations, the bibliographic coupling is as shown below.
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Figure 24: Bibliographic coupling of Organizations, Source: http://scopus.com, (assessed on 9™ Feb. 2021)

E) Bibliographic coupling of Countries :



A total of 32 countries have the database of the mentioned work on explainable Al.
Considered the threshold of minimum of 2 documents per country, a total of 18

countries found the bibliographic coupling relations.
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Figure 25: Bibliographic coupling of Countries, Source: http://scopus.com, (assessed on 9™ Feb. 2021)
F) Co-citation of Cited References
In this database there are a total of 3690 cited references. By keeping the
threshold of minimum of 2 citations per cited references, a total of 49 met the
threshold.
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Figure 26: Bibliographic coupling of Countries, Source: http://scopus.com, (assessed on 9™ Feb. 2021)

G) Co-citation of Cited Sources:



There are a total of 2313 sources, out of which 21 met the minimum threshold of 10

citations per source.
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Figure 27: Bibliographic coupling of Co-citation of Cited Sources,

Source: http://scopus.com, (assessed on 9" Feb. 2021
H) Co-citation of Cited Authors:

There is a total number of 7348 author associated with the database. To obtain the co-citation

of cited authors a minimum threshold of 10 is considered for analysis. The outcome of the

analysis shows that 103 authors met the threshold value.

cabitza, f.
holzinger, k.
kuprel, b. hayashi, y.
holzinger, a.
fergusgr. W“ - muller, k.-r. lecun, y.
w ligx: muller, h.
kinggs.t ety s@isserian, 2 ) ‘ mikglov, t.
s S, e (S
@ vedaldi a. pengio, y. 3 ’L. wachiter, s.
singh, a. dasig & hintQg g.e.’ adad a. g N bahagori, m.t.
lakshmingiyanan, v - - i '.c.. & ruzsieci s:
- ~ e eti, r.
talyya. wang. . & darllt & ¥ éw
greer*e, P ‘;*ﬂ_
. f, s.
'W‘W“ g sturgpf, s.
guniipg. d.
hage@s, h.
clupe, j.
tosugl a.b.
grossberg, s.

a
S, VOSviewer

Figure 27: Bibliographic coupling of Co-citation of Cited Authors,
Source: http://scopus.com, (assessed on 9" Feb. 2021)



5. CONCLUSION
Bibliometric survey on Explainable Al in Medical Field is carried out by considering the
worldwide popular database- Scopus. The database is considered from the year 2004
onwards. The keyword search is used with AND and OR operator for searching of the
database. A total of 91 documents are obtained as the outcome of the search.
The different parameters are considered for analysis of this database. It is seen that English
language has most of the documents 90 followed by German with only one document. The
Keyword search outcome indicates that maximum publications are with the keyword
“Explainable Al.” Maximum documents are published in the year 2020 followed by the year
2019. The subject area Computer Science and Engineering is the one which covered almost
37.1% of the documents. As far as, the type of document is considered, article of journal are
27 and conference papers are of 45 in numbers. The analysis of countries proved, United
states as the highest number of documents followed by United Kingdom within the period.
The highest sponsoring authority in this area is “National Institute of Health.”
Holziger A is the author having the highest documents of 6 in this database.
The network analysis is also performed by using the VOSViewer 1.65 version software. The
different analysis types are performed. These include co-authorship analysis co-occurrence
analysis citation analysis and bibliographic coupling are done with the same database. All
these different network analysis indicates a quite significant information about different
mentioned above. It could also be seen that the major work in this field related to medical
imaging is done in 2019 and 2020. In upcoming years a very vast and major work is expected

in this area.

REFERENCES

1. B. Houwen, Blood Film Preparation and Staining Procedures, B. Houwen (2000) Laboratory
Hematology 6:1-7 22 (2002) 1-14.

2. B. Nwogoh, B. Transfusion, E. State, B. Transfusion, R. State, Peripheral Blood Film - A Review 12
(2014) 71-79.

3. J. L. Vives Corrons, S. Albarede, G. Flandrin, S. Heller, K. Horvath, B. Houwen, G.Nordin, E.
Sarkani, M. Skitek, M. Van Blerk, J.C. Libeer, Haematology Working Group of the European External
Committee for External Quality Assurance Programmes in Laboratory Medicine, Guidelines for blood
smear preparation and staining procedure for setting up an external quality assessment scheme for
blood smear interpretation. part i: Control material, Clinical chemistry and laboratory medicine 42
(2004) 922-926.

4. The Leukemia & Lymphoma Society® , http:\\lls.org, assessed on 17% Oct 2020



10.

11.

12.

13.

14.

15.

16.

17.

Nee, L.H., Mashor, M.Y. and Hassan, R., 2012. White blood cell segmentation for acute leukemia
bone marrow images. Journal of Medical Imaging and Health Informatics, 2(3), pp.278-284.

Abd Halim, N.H., Mashor, M.Y., Nasir, A.A., Mokhtar, N.R. and Rosline, H., 2011, March. Nucleus
segmentation technique for acute leukemia. In 2011 IEEE 7th international colloquium on signal
processing and its applications (pp. 192-197). IEEE.

Nasir, A.A., Mashor, M.Y. and Rosline, H., 2011, May. Unsupervised colour segmentation of white
blood cell for acute leukaemia images. In 2011 IEEE International Conference on Imaging Systems
and Techniques (pp. 142-145). IEEE.

Nimesh Patel and Ashutosh Mishra. Automated Leukaemia De- tection Using Microscopic Images.
Procedia Computer Science, 58:635-642, 2015. ISSN 18770509. doi: 10.1016/j.procs.2015.08. 082.
Ahmed S. Negm, Osama A. Hassan, and Ahmed H. Kandil. A decision support system for Acute
Leukaemia classification based on digital microscopic images. Alexandria Engineer- ing Journal,
57(4):2319-2332, 2018. ISSN 11100168. doi: 10.1016/j.a€j.2017.08.025.URL
https://doi.org/10.1016/j.aej.2017.08.025.

Siew Chin Neoh, Worawut Srisukkham, Li Zhang, Stephen Todryk, Brigit Greystoke, Chee Peng Lim,
Mohammed Alam- gir Hossain, and Nauman Aslam. An Intelligent Decision Sup- port System for
Leukaemia Diagnosis using Microscopic Blood Images. Scientific Reports, 5:1-14, 2015. ISSN
20452322. doi: 10.1038/srep14938. URL http://dx.doi.org/10.1038/ srep14938.

Harmandeep Singh and Gurjeet Kaur. Automatic Detection of Blood Cancer in Microscopic Images: A
Review. Dr. Balkr- ishan International Journal of Innovations & Advancement in Computer Science,
6(4):40-43, 2017.

Sarmad Shafique, Samabia Tehsin, Syed Anas, and Farrukh Ma- sud. Computer-assisted Acute
Lymphoblastic Leukemia detec- tion and diagnosis. 2019 2nd International Conference on Com-
munication, Computing and Digital Systems, C-CODE 2019, pages 184-189, 2019. doi: 10.1109/C-
CODE.2019.8680972.

Lorenzo Putzu and Cecilia Di Ruberto. White Blood Cells Iden- tification and Counting from
Microscopic Blood Image. World Academy of Science, Engineering and Technology, 7(1):363-370, 2013.
deshMutual Infor- mation based hybrid model and deep learning for Acute Lym- phocytic Leukemia
detection in single cell blood smear images. Computer Methods and Programs in Biomedicine,
179:104987, 2019. ISSN 18727565. doi: 10.1016/j.cmpb.2019.104987. URL
https://doi.org/10.1016/j.cmpb.2019.104987.

Zeinab Moshavash, Habibollah Danyali, and Moham- mad Sadegh Helfroush. An Automatic and
Robust Decision Sup- port System for Accurate Acute Leukemia Diagnosis from Blood Microscopic
Images. Journal of Digital Imaging, 31(5):702-717, 2018. ISSN 1618727X. doi: 10.1007/s10278-018-
0074.

Shashi Bala and Amit Doegar. Automatic Detection of Sickle cell in Red Blood cell using Watershed
Segmentation. 4(6):488— 491, 2015. doi: 10.17148/IJARCCE.2015.46105.

Hany A. Elsalamony. Healthy and unhealthy red blood cell de- tection in human blood smears using
neural networks. Micron, 83:32-41, 2016. ISSN 09684328. doi: 10.1016/j.micron.2016.01
http://dx.doi.org/10.1016/j.micron.2016.01.



https://doi.org/10.1016/j.aej.2017.08.025
https://doi.org/10.1016/j.aej.2017.08.025
http://dx.doi.org/10.1038/srep14938
http://dx.doi.org/10.1038/srep14938
https://doi.org/10.1016/j.cmpb.2019.104987
http://dx.doi.org/10.1016/j.micron.2016.01.

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

30.

3L

32.

33.

34.

Kholoud Alotaibi. Sickle Blood Cell Detection Based on Image Segmentation. 2016.

van Eck, N. J.; Waltman, L. (2010) VOSViewer: Visualizing Scientific Landscapes [Software].
Available from https://www.vosviewer.comS J Belekar and S R Chougule. WBC Segmentation Using
Mor- phological Operation and SMMT Operator - A Review. pages 434-440, 2015.

Nimesh Patel and Ashutosh Mishra. Automated leukaemia de- tection using microscopic images.
Procedia Computer Science, 58:635-642, 2015.

Akshay Bhanushali, Ashwin Katale, Kuldeep Bandal, Vivek Barsopiya, and Manish Potey. Automated
Disease Diagnosis Using Image Microscopy. (02):2-6, 2016.

Megharani B Chougale T B Mohite-patil. Automated Red Blood Cells Counting using Image
Processing Techniques. 3(12):748— 750, 2016.

Australian National Parks Service and Wildlife. Special issue. Special issue. Australian ranger bulletin,
4(1):9-10, 1986. ISSN 0159-978X.

Varghese J Thiruvinal and Sangeetha Prasanna Ram. Auto- mated Blood Cell Counting and
Classification Using Image Pro- cessing. pages 74-82, 2017. doi: 10.15662/IJAREEIE.2017. 0601010.
Muhammed Yildirim and Ahmet @Gnar. Classification of white blood cellsby deep learning methods for
diagnosing disease clas- sification of white blood cells by deep learning methods for di- agnosing
disease.

S. L. Bhagavathi and S. Thomas Niba. An automatic system for detecting and counting rbc and wbc
using fuzzy logic. ARPN Journal of Engineering and Applied Sciences, 11(11):6891-6894, 2016. ISSN
18196608.

Soumen Biswas and Dibyendu Ghoshal. Blood Cell Detection Using Thresholding Estimation Based
Watershed Transforma- tion with Sobel Filter in Frequency Domain. Procedia Com- puter Science,
89:651-657, 2016. ISSN 18770509. doi: 10. 1016/j.procs.2016.06.029

van Eck N. J.,, Waltman L. (2010) ° Software Survey: VOSviewer, a Computer Program for
Bibliometric Mapping’, Scientometrics , 84/2: 523-38.

Sonali Mishra, Banshidhar Majhi, and Pankaj Kumar Sa. Tex- ture feature based classification on
microscopic blood smear for acute lymphoblastic leukemia detection. Biomedical Signal Pro- cessing and
Control, 47:303-311, 2019.

Deshpande, Nilkanth Mukund, Shilpa Shailesh Gite, and Rajanikanth Aluvalu. "A Brief Bibliometric
Survey of Leukemia Detection by Machine Learning and Deep Learning Approaches.” (2020).

Nizar Ahmed, Altug Yigit, Zerrin Isik, and Adil Alpkocak. Iden- tification of leukemia subtypes from
microscopic images using convolutional neural network. Diagnostics, 9(3):104,2019.

Christian Matek, Simone Schwarz, Karsten Spiekermann, and Carsten Marr. Human-level recognition
of blast cells in acute myeloid leukaemia with convolutional neural networks. Nature Machine
Intelligence, 1(11):538-544, 2019.

Ahmed T Sahlol, Philip Kollmannsberger, and Ahmed A Ewees. Efficient classification of white blood
cell leukemia with im- proved swarm optimization of deep features. Scientific Reports, 10(1):1-11,
2020.

Mohamadreza Abbasi, Saeed Kermani, Ardeshir Tajebib, Morteza Moradi Amin, and Manije Abbasi.

Automatic detection of acute lymphoblastic leukaemia based on extending the multifractal features.



35.

36.

37.

38.

39.

40.

41.

42,

43.

44,

45,

46.

47.

48.

49,

IET Image Processing, 14(1):132-137, 2019.

Mars, C., Dés, R. and Boussard, M., The three stages of Explainable Al: How explainability facilitates
real world deployment of Al.

Langlotz, Curtis P., Bibb Allen, Bradley J. Erickson, Jayashree Kalpathy-Cramer, Keith Bigelow,
Tessa S. Cook, Adam E. Flanders et al. "A roadmap for foundational research on artificial intelligence
in medical imaging: from the 2018 NIH/RSNA/ACR/The Academy Workshop." Radiology 291, no. 3
(2019): 781-791.

Tjoa, Erico, and Cuntai Guan. "A survey on explainable artificial intelligence (xai): Toward medical
xai." IEEE Transactions on Neural Networks and Learning Systems (2020).

Lundervold, Alexander Selvikvag, and Arvid Lundervold. "An overview of deep learning in medical
imaging focusing on MRI." Zeitschrift fir Medizinische Physik 29, no. 2 (2019): 102-127.

Tizhoosh, Hamid Reza, and Liron Pantanowitz. "Artificial intelligence and digital pathology:
challenges and opportunities.” Journal of pathology informatics 9 (2018).

Holzinger, Andreas, Georg Langs, Helmut Denk, Kurt Zatloukal, and Heimo Miller. "Causability and
explainability of artificial intelligence in medicine.” Wiley Interdisciplinary Reviews: Data Mining and
Knowledge Discovery 9, no. 4 (2019): e1312.

Tosun, Akif B., Filippo Pullara, Michael J. Becich, D. Taylor, Jeffrey L. Fine, and S. Chakra
Chennubhotla. "Explainable Al (xAl) for Anatomic Pathology." Advances in Anatomic Pathology 27,
no. 4 (2020): 241-250.

Samek, Wojciech, Grégoire Montavon, Andrea Vedaldi, Lars Kai Hansen, and Klaus-Robert Miiller,
eds. Explainable Al: interpreting, explaining and visualizing deep learning. Vol. 11700. Springer
Nature, 2019.

Guidotti, Riccardo, Anna Monreale, Salvatore Ruggieri, Franco Turini, Fosca Giannotti, and Dino
Pedreschi. "A survey of methods for explaining black box models." ACM computing surveys
(CSUR) 51, no. 5 (2018): 1-42.

Xie, Ning, Gabrielle Ras, Marcel van Gerven, and Derek Doran. "Explainable deep learning: A field
guide for the uninitiated." arXiv preprint arXiv:2004.14545 (2020).

Roscher, Ribana, Bastian Bohn, Marco F. Duarte, and Jochen Garcke. "Explainable machine learning
for scientific insights and discoveries." IEEE Access 8 (2020): 42200-42216.

Aurrieta, Alejandro Barredo, Natalia Diaz-Rodriguez, Javier Del Ser, Adrien Bennetot, Siham Tabik,
Alberto Barbado, Salvador Garcia et al. "Explainable Artificial Intelligence (XAl): Concepts,
taxonomies, opportunities and challenges toward responsible AlL." Information Fusion 58 (2020): 82-
115.

Singh, Amitojdeep, Sourya Sengupta, and Vasudevan Lakshminarayanan. "Explainable deep learning
models in medical image analysis." Journal of Imaging 6, no. 6 (2020): 52.

Samek, Wojciech, Thomas Wiegand, and Klaus-Robert Miiller. "Explainable artificial intelligence:
Understanding, visualizing and interpreting deep learning models.” arXiv preprint arXiv:1708.08296
(2017).

Carvalho, Diogo V., Eduardo M. Pereira, and Jaime S. Cardoso. "Machine learning interpretability: A

survey on methods and metrics." Electronics 8, no. 8 (2019): 832.



50. Adadi, Amina, and Mohammed Berrada. "Peeking inside the black-box: a survey on explainable
artificial intelligence (XAI)." IEEE access 6 (2018): 52138-52160.

51. Holzinger, Andreas, Bernd Malle, Peter Kieseberg, Peter M. Roth, Heimo Miiller, Robert Reihs, and
Kurt Zatloukal. "Towards the augmented pathologist: Challenges of explainable-ai in digital
pathology." arXiv preprint arXiv:1712.06657 (2017).

52. Deshpande, Nilkanth, Gite Shilpa, Aluvalu Rajanikanth, “A review of microscopic analysis of blood

cells for disease detection with Al perspective”, Peer J Computer Science, March 2021.



