
applied  
sciences

Article

CIMI: Classify and Itemize Medical Image System for
PFT Big Data Based on Deep Learning

Tong Min Kim 1 , Seo-Joon Lee 2, Hwa Young Lee 3, Dong-Jin Chang 4, Chang Ii Yoon 5,
In-Young Choi 2,* and Kun-Ho Yoon 6,*

1 Department of Biomedicine & Health Sciences, College of Medicine, The Catholic University of Korea,
Seoul 06591, Korea; dianakim@catholic.ac.kr

2 Department of Medical Informatics, College of Medicine, The Catholic University of Korea,
Seoul 06591, Korea; 22001362@cmcnu.or.kr

3 Division of Pulmonology and Allergy, Department of Internal Medicine, Seoul St. Mary’s Hospital,
College of Medicine, The Catholic University of Korea, Seoul 06591, Korea; lehwyo@catholic.ac.kr

4 Department of Ophthalmology and Visual Science, The Catholic University of Korea College of Medicine,
Seoul 06591, Korea; hpalways@catholic.ac.kr

5 Graduate School of Medicine, The Catholic University of Korea, Seoul 06591, Korea;
ckddlf2073@catholic.ac.kr

6 Division of Endocrinology and Metabolism, Department of Internal Medicine, Seoul St. Mary’s Hospital,
College of Medicine, The Catholic University of Korea, Seoul 06591, Korea

* Correspondence: iychoi@catholic.ac.kr (I.-Y.C.); yoonk@catholic.ac.kr (K.-H.Y.)

Received: 10 November 2020; Accepted: 27 November 2020; Published: 30 November 2020 ����������
�������

Abstract: The value of pulmonary function test (PFT) data is increasing due to the advent of the
Coronavirus Infectious Disease 19 (COVID-19) and increased respiratory disease. However, these PFT
data cannot be directly used in clinical studies, because PFT results are stored in raw image files.
In this study, the classification and itemization medical image (CIMI) system generates valuable data
from raw PFT images by automatically classifying various PFT results, extracting texts, and storing
them in the PFT database and Excel files. The deep-learning-based optical character recognition
(OCR) technology was mainly used in CIMI to classify and itemize PFT images in St. Mary’s Hospital.
CIMI classified seven types and itemized 913,059 texts from 14,720 PFT image sheets, which cannot
be done by humans. The number, type, and location of texts that can be extracted by PFT type
are all different, but CIMI solves this issue by classifying the PFT image sheets by type, allowing
researchers to analyze the data. To demonstrate the superiority of CIMI, the validation results of CIMI
were compared to the results of the other four algorithms. A total of 70 randomly selected sheets
(ten sheets from each type) and 33,550 texts were used for the validation. The accuracy of CIMI was
95%, which was the highest accuracy among the other four algorithms.

Keywords: artificial intelligence; deep learning; big data; medical image; image processing; optical
character recognition

1. Introduction

Respiratory disease is one of the leading causes of death worldwide [1,2] long before the advent
of Coronavirus Infectious Disease 19 (COVID-19) [3], the main symptom of which is lung failure.
According to a report by the World Health Organization (WHO), the top five major causes of lung related
severe illness are chronic obstructive pulmonary disease (COPD), asthma, acute lower respiratory tract
infections, tuberculosis (TB), and lung cancer [4]. According to their statistics, each year, 4 million people
die prematurely from chronic respiratory disease [5], with infants and young children particularly
susceptible [6].
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Recently, due to the COVID-19 epidemic, many studies have been conducted around the world to
predict the occurrence of cardiopulmonary diseases [7]. Artificial intelligence (AI) [8] has been rapidly
being applied to healthcare such as pharmaceuticals [9] and precision medicine [10]. Its application to
medical imaging in the recent medical industry [11] is especially used in terms of lung disease analysis,
because most of the medical data obtained from lung examinations include medical images.

Standardized big data related to lung examinations are required for such studies to be properly
conducted. Many data related to pulmonary functions in the past were stored in hard copies. Even if
the data were stored in electronic medical records (EMRs), they were stored either in a non-standardized
format or in such a rudimentary form from which it is impossible to conduct proper statistical analysis.
This makes it difficult for researchers to make proper use of lung-related big data for applied research.

Therefore, to solve this problem, this study proposed a deep-learning-based medical image AI
processing system to classify and itemize medical image (CIMI). The proposed AI algorithm in CIMI
not only classifies and itemizes medical images obtained from lung testing, but also de-identifies
information for security purposes and reads medical images in a standardized medical data form for
big data or AI researchers to use. The actual pulmonary function testing (PFT) data obtained from
patients at Seoul St. Mary’s Hospital were used for evaluation. CIMI is envisioned to be used as an
impactful tool for future research on the big data pulmonary disease analysis and future solutions to
predict respiratory diseases.

2. Related Work

CIMI is developed based on optical character recognition (OCR) and computer vision
(CV) technologies. Related technologies regarding this research are specified in Section 2.1
“Related Technology”. Studies similar to CIMI are covered in Section 2.2 “Related Research”, describing
what distinguishes CIMI from these studies.

2.1. Related Technology

Optical character recognition (OCR) technology enables images, PDF files, or other types of
files (if they include texts) to be conveniently converted into machine-encoded format texts [12].
With OCR being applied in various fields such as education, medicine, law, etc. [13–16], this research
is mainly based on Tesseract optical character recognition. Tesseract OCR is an open-source-based
optical character recognition engine that was developed by Hewlett-Packard (HP) as a result of
10 years of development from 1984 to 1994. It was first started as a research project at Bristol HP Labs.
Its prototype was sent to the University of Nevada, Las Vegas, in 1995 for yearly testing, where its
performance results greatly proved its worth [17]. By the end of 2005, HP was able to officially launch
an open-source-based Tesseract that is now available (web link: http://code.google.com/p/tesseract-ocr).
Tesseract’s function is mainly consisted of “Line and Word Finding” algorithm, “Word Recognition”
algorithm, “Static Character Classifier”, “Linguistic Analysis”, and a more font-sensitive version of
static character classifier “Adaptive Classifier”.

Tesseract OCR technology is based on long short-term memory (LSTM) that is a recurrent
neural network (RNN) deep learning algorithm. In RNN, hidden nodes are connected to each other
through direction edges, forming a circulation architecture such as an artificial neural network [18].
This enables information to be contained, similar to the human brain. RNNs are especially being
applied in fields such as voice recognition, language modeling, language translation, and image
annotation creation [19]. However, the shortcomings of the RNN lie in its long-term dependencies [20].
Hochreiter and Schmidhuber proposed the idea of LSTM, which overcomes such shortcomings [21,22],
and consequently, LSTM is being widely used in fields [23–25].

The Open Source Computer Vision Library (OpenCV) was first adopted by Intel in the early
2000s. As a result of many programmers contributing to enriching the library, it was years later that
its true value shone. Its most updated version is “OpenCV 2” that was mainly modified in 2009.
To date, over 2500 OCR optimized algorithms exist. It is also one of the most acknowledged libraries
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worldwide [26], with more than 2.5 million downloads and over 40 thousand user experiences. In this
research, Tesseract and OpenCV technologies were converged to maximize the accuracy of image
processing. Our specifications are further explained in Section 3.

2.2. Related Research

Laique et al. [27] demonstrated a new hybrid approach using natural language processing of
charts that has been elucidated with optical character recognition processing (OCR and Natural
Language Processing, NPL hybrid) to obtain relevant clinical information from scanned colonoscopy
and pathology reports. The limitation of this research was that their solution did not consider various
types of PFT test sheets, and fundamentally, their solution does not extract text from image files.

Park et al. [28] proposed an automated method to construct a PFT database with various clinical
information using optical character recognition and regular expression techniques. Pethidine-related
patient case-control research data were used as samples. Their solution not only allowed anyone
to easily construct a soft-copy database extracted from hard-copy test results, but also provided a
de-identification technique to protect personal information.

Hinchcliff et al. [29] developed text data extraction for a prospective, research-focused data mart.
They provided “Regextractor”, an open source structured query language server integration services
package that allows data extraction from PFT testing reports. The evaluation results showed that
Regextractor successfully constructed a PFT data mart accurately extracted from the test charts that
allowed clinical researchers and bioinformatics researchers to conduct the analysis.

However, although these recent studies may contribute to the future development of AI-based
image processing solutions, no research has so far focused on itemizing past testing results.
The proposed solution, CIMI, is not only compatible with future clinical test data, but also compatible
with past accumulated data. This is one of the most unique implications of CIMI in the field of
pulmonary clinical research.

Moreover, the shortcomings of the related research mentioned above were that none provided
the graphic user interface (GUI) suitable for non-professionals, such as Excel-based database results.
In contrast, our proposed research solution, CIMI, provides an application as simple and clear as
possible for use by non-professionals. Clinicians do not need any engineering background to access
the DB and can easily confirm the DB results in Excel format. In addition, the aforementioned studies
simply used parsing techniques that only allow regular expression, whereas CIMI adopts a more
dynamic technique based on coordinate measurement using mouse event handlers.

3. System Architecture

In this section, the overall system of CIMI will be first described. Then, details of the functional
specifications of CIMI will be handled. Lastly, the proposed CIMI’s database architecture will
be explained.

3.1. Overall System

The flowchart of the overall system is shown in Figure 1. CIMI mainly consists of three major
functions: the image classification function (blue squared), the data extraction function (red squared),
and the database creation function (green squared). The first function that is the image classification
function can be considered as the “pre-processing” process. Normally, the test results are divided
into several different types, and the location of the data (text and image) differs according to these
types. Rather than dumping the entire test sheet into the AI algorithm, CIMI first classifies test sheets
into several types prior to algorithm processing to maximize efficiency. The data extraction function
extracts data from the test result images [30]. The CIMI’s algorithm is based on the Tesseract OCR
(4.1.1, Google, Mountain View, CA, USA, 2019) library that adopts the AI LSTM method. The CIMI’s
main algorithm was also converged using OpenCV (4.1.1, Intel, 2200 Mission College Blvd, Santa Clara,
CA, USA, 2019)-based techniques to maximize accuracy. The third major function finally creates a
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database in the form of a highly compatible common-separated values (CSV) or Excel format. GUI was
developed so that it was convenient for clinicians and researchers, and its application was developed
based on PyQt5 (5.15.1, Riverbank Computing, Dorchester, UK, 2020).
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Figure 1. Flowchart of the overall classification and itemization medical image (CIMI) system; (a) PFT
sheet classification systems; (b) PFT sheet preprocessing and PFT text extraction system; (c) PFT excel
generation system.

When CIMI application starts, the original image-captured files of the medical test results are
read via the OpenCV library (Figure 1a). Next, the CIMI’s modified Tesseract algorithm classifies
the results into several types (Figure 1b). Technically, classification here is defined as creating a
new type of folder and moving the image result file from the original location to the destination.
At the same time, CIMI sets a memory pointer to create a database in real time (OpenPyXL (web link:
https://openpyxl.readthedocs.io/en/stable/) mainly used, Figure 1c). Now, the environmental settings
are set. Next, the CIMI’s OpenCV algorithm pre-processes the image results data to maximize reading
accuracy. With the converged Tesseract algorithm, all characters are extracted and saved to the
designated database created. This process is repeated until the CIMI AI reaches the last image file.

3.2. Major Function Specifications

In this section, the major functions of PFT image classification, data extraction, and database
creation are explained.

The PFT image classification is shown in Figure 2. For the PFT image classification, the standards
of the types were set by an actual professional clinician. Any type of test sheet that does not contain
texts (for example, only graphs) were classified as “Unknown”. The backbone of the CIMI classification
algorithm was developed using the “keyword and coordinates” method according to the standard.
The best representative keyword (Figure 2a) was set for each type and was unique to the classified

https://openpyxl.readthedocs.io/en/stable/
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type, so that the word does not overlap with other types’ keywords. After this keyword was set,
the coordinates (Figure 2b,c) of this keyword were extracted by dragging the keyword’s location with
CIMI’s mouse handler. Next, any random images that are input were classified according to the
“keywords and coordinates”. As long as this keyword’s coordinates match, incoming image results
were classified as the same type. The practical implementation results of this first function are shown
in Section 4.
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The data extractor functional process is shown in Figure 3. The first step of this functional
algorithm is to extract images and coordinate values from the original PFT test sheets (Figure 3a).
Next, the CIMI machine learning algorithm processes images into text (Figure 3b) and inputs the
text into the newly created database according to column and row (Figure 3c,d, in this case as Excel).
Finally, the steps are repeated from a to d until all data in the sheet are extracted.

Although Tesseract is a widely used solution with high accuracy, it was found that its accuracy
further increases when pre-processed. There are several pre-processing methods such as de-noise,
thresholding, dilate, erode, open, canny, and deskew. The CIMI AI’s unique algorithm based on Tesseract
technology was modified to maximize reading accuracy. Several methods were selectively converged
in this proposed research to provide the best outcome optimized for PFT results sheets. Mainly, CIMI
converged the gray scale method and rescale method. The proposed original pre-processing algorithm
is shown in Figure 4. First, the original image was resized to twice the original size, and then, it was
gray-scaled. Originally developed whitelists were applied per field, considering the characteristics
of PFT that its test results normally do not contain special characters and mostly contain only
alphabet characters. The related performance results will be further discussed in the results and
discussion section.
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Figure 3. Data extractor algorithm functional process; (a) measure x and y coordinate values from the
original PFT sheets; (b) extract text from the PFT sheet within corresponding coordinates; (c) insert the
extracted text into the cell of corresponding excel; (d) get the row and column value from the target
PFT excel file; (e) insert extracted text into the final PFT Excel file.
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The PFT image big data (sheets) are very dynamic in the sense that these data vary in types even if
it is the same prescription. Additionally, PFT results contain numerous data (texts) per sheet. Therefore,
an algorithm that automatically classifies and extracts big data texts within the big data sheets is
essential. However, the speed of processing image data is much slower than the speed of processing
text data. This issue is especially important in the case of processing PFT test results, because by nature,
PFT test result sheets are numerous image files that take up a large memory space. Moreover, OCR
itself takes a lot of central processing units (CPUs), memory, and disk space [31]; therefore, it is very
important to use CPU parallel computing technology in order to maximize processing speed. The
proposed CIMI solves this problem with its original simultaneous processing algorithm based on
Python’s “concurrent.futures” library that enables multi-core processing to maximize processing speed.

3.3. Database Architecture

The database creation function not only creates a text extracted version of the PFT testing result
sheet, but also creates an overall database (with columns as variables and rows as case numbers) so
that researchers may conduct statistical analysis. The database architecture of the proposed solution is
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shown in entity relationship diagram (ERD) in Figure 5. The developed database was optimized for
maximum efficiency when using the proposed solution. The database consists of six tables: a table
that includes PFT test results (PFT_IMG_INFO), a table that includes patient information (PATIENT),
and four other PFT test-related tables (SPIROMETRY, LUNG_VOLUMES, DIFFUSING_CAPACITY,
and RESISTANCE).
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4. Evaluation

Actual PFT big data were used to evaluate the CIMI system for accuracy. Additionally, other
algorithms were compared and analyzed to highlight the strength of CIMI. Details are described below.

4.1. Materials and Methods

A total of 14,720 sample sheets were used from St. Mary’s Hospital, Seoul, South Korea.
These samples consisted of PFT test results from actual patients that have been registered in the
hospital’s information system (including hard copies and soft copies), acquired from 1st January, 2019
to 31st December, 2019 (one year). All samples were input into the trained AI solution CIMI to show the
implementation results to assess the performance of the major functions. All sampling and evaluation
processes were approved by the Institutional Review Board (IRB) of St. Mary’s Hospital, Seoul.

All 14,720 sheets consisted of eight types (including unknown type) that contained different
numbers and sorts of texts. Note that unknown classified types were excluded from this research
evaluation, because they only contained non-texts. On the other hand, sheets classified as type 1, 2, 3,
4, 5, 6, and 7 contained a sub-total of 116, 164, 21, 130, 37, 73, and 130 texts in each sheet, respectively.
Related evaluation will be further discussed in Section 4.2.1.

In addition, the CIMI validation tool was originally developed for the scientific validation of
accuracy performance (Figure 6). CIMI Validator allows efficient evaluation of text extraction accuracy.
The user can load the extracted text data via the “Load Excel” button and set the path of the PFT
sheet using the “Image Path” button (Figure 6a). “Load Image” button of Figure 6a randomly selects
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a sheet, which is visually shown in Figure 6c. The texture of the sheet is then aligned in an editable
format (Figure 6b). In every single text there is a “confirm” button, in which if the user simply clicks,
it increases the “correct count” by one, and if the user modifies then clicks, it increases the “error count”
by one (Figure 6d).
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4.2. Performance Evaluation

First, CIMI’s PFT type classification function results were handled. Then, CIMI’s text extraction
function accuracy was evaluated separately.

4.2.1. Type Classification Results

Specifically, there are several types of PFT test results that vary according to the test objectives.
Therefore, type classification must be conducted before text extraction. The PFT-type classification
results using CIMI are shown in Table 1. In summary, in the case of used samples, images were
classified into seven types (excluding unknown type).

Table 1. Type classification results using CIMI.

Type 01 02 03 04 05 06 07 Unknown Total

PFT Sheets 213 12 20 5728 1956 697 139 5955 14,720
Texts in Each Sheet 116 164 21 130 37 73 130 0 671

Extracted Texts 24,708 1968 420 744,640 72,372 50,881 18,070 0 913,059

The CIMI’s classification results showed that type 4 had the highest number of sheets, with a
total of 5728 sheets. The second most common type was type 5, with a total of 1956 sheets. The least
number of sheets was found in type 2, with only 12. Type 2 contained the most texts in each sheet by
164, with type 4 and type 6 at second rank with 130 each. Results in Figure 7 also showed that some
PFT types were similar to each other. The format of type 1 and type 2 were similar; type 3, type 4,
and type 7 were similar; type 5 and type 6 were similar. These similarity classifications details are
shown in Figure 7.



Appl. Sci. 2020, 10, 8575 9 of 13

Appl. Sci. 2020, 10, x FOR PEER REVIEW 9 of 13 

Table 1. Type classification results using CIMI. 

Type 01 02 03 04 05 06 07 Unknown Total 

PFT Sheets 213 12 20 5728 1956 697 139 5955 14,720 

Texts in  

Each Sheet 
116 164 21 130 37 73 130 0 671 

Extracted Texts 24,708 1968 420 744,640 72,372 50,881 18,070 0 913,059 

The CIMI’s classification results showed that type 4 had the highest number of sheets, with a 

total of 5728 sheets. The second most common type was type 5, with a total of 1956 sheets. The least 

number of sheets was found in type 2, with only 12. Type 2 contained the most texts in each sheet by 

164, with type 4 and type 6 at second rank with 130 each. Results in Figure 7 also showed that some 

PFT types were similar to each other. The format of type 1 and type 2 were similar; type 3, type 4, 

and type 7 were similar; type 5 and type 6 were similar. These similarity classifications details are 

shown in Figure 7. 

 

Figure 7. Samples of de-identified PFT sheets classified by CIMI system; (a) similar form of Type 1 

and Type 2; (b) similar form of Type 3, Type 4 and Type 7; (c) similar form of Type 5 and Type 6. 

4.2.2. Accuracy Performance Results 

Each PFT type consisted of different number of data texts that were extracted: 116 data for type 

1, 164 data for type 2, 21 data for type 3, 130 data for type 4, 37 data for type 5, 73 data for type 6, and 

130 data for type 7. Ten sheets were randomly chosen by our developed validator for each of the 

seven types (n = 70) to validate the accuracy. In addition, four more widely used image processing 

algorithms were compared. Therefore, the researcher validated the total of 33,550 texts hands on. The 

Figure 7. Samples of de-identified PFT sheets classified by CIMI system; (a) similar form of Type 1 and
Type 2; (b) similar form of Type 3, Type 4 and Type 7; (c) similar form of Type 5 and Type 6.

4.2.2. Accuracy Performance Results

Each PFT type consisted of different number of data texts that were extracted: 116 data for type
1, 164 data for type 2, 21 data for type 3, 130 data for type 4, 37 data for type 5, 73 data for type 6,
and 130 data for type 7. Ten sheets were randomly chosen by our developed validator for each of the
seven types (n = 70) to validate the accuracy. In addition, four more widely used image processing
algorithms were compared. Therefore, the researcher validated the total of 33,550 texts hands on.
The vanilla algorithm refers to the pure Tesseract OCR. Resize and grayscale were pre-processed to
vanilla for comparison. Finally, the whitelist-applied vanilla was used for comparison. The results are
shown in Table 2.

CIMI showed the highest accuracy performance in type 5, with an average accuracy of 99.7%.
It performed poorly in type 1 and type 2, in which the accuracy performance was 86 and 87%,
respectively. The accuracy results of the vanilla, resize pre-processed, grayscale pre-processed,
and whitelist-applied algorithm showed accuracies of 73, 89, 73, and 89%, respectively. Resizing the
pre-processed algorithm and the whitelist-applied algorithm’s accuracy were the highest contenders of
CIMI, whereas Tesseract only and grayscale pre-processed showed the poorest performance. The only
notable subtotal performance that was better than CIMI was for type 2 in the whitelist-applied
algorithm, outperforming CIMI by 89 to 0.87%.
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Table 2. Accuracy performance of CIMI and its comparison with other algorithms.

Type01
(texts =

116)

Type02
(texts =

164)

Type03
(texts =

21)

Type04
(texts =

130)

Type05
(texts =

37)

Type06
(texts =

73)

Type07
(texts =

130)

Average
Accuracy

CIMI

Correct (Average) 100.3 142.9 20.7 127.4 36.9 72.2 128.1
Omitted (Average) 9.7 19.0 0.1 1.2 0.0 0.0 0.1

Error (Average) 6.0 2.3 0.2 1.4 0.1 0.8 1.7
Accuracy (%) 86.5 87.1 98.6 98.0 99.7 98.9 98.5 95.3

Vanilla

Correct (Average) 83.3 122.5 10.8 106.4 34.0 59.8 76.3
Omitted (Average) 14.6 25.8 9.5 13.5 0.0 8.9 38.4

Error (Average) 18.7 15.3 0.7 10.1 3.0 4.3 15.2
Accuracy (%) 71.8 74.7 51.4 81.8 91.9 81.9 58.7 73.2

Resize
Pre-processed

Correct (Average) 98.4 142.5 19.7 126.2 36.2 64.0 101.1
Omitted (Average) 7.8 18.4 1.0 1.8 0.5 9.0 16.8

Error (Average) 10.4 2.7 0.3 2.0 0.3 0.0 12.0
Accuracy (%) 84.8 86.9 93.8 97.1 97.8 87.7 77.8 89.4

Grayscale
Pre-Processed

Correct (Average) 82.8 122.2 10.8 106.4 34.1 59.9 77.7
Omitted (Average) 14.0 25.2 9.5 13.5 0.0 8.9 37.1

Error (Average) 19.2 16.2 0.7 10.1 2.9 4.2 15.1
Accuracy (%) 71.4 74.5 51.4 81.8 92.2 82.1 59.8 73.3

Whitelist
Applied

Correct (Average) 93.1 145 19.8 117.9 34.8 65.5 111.0
Omitted (Average) 4.0 0.9 0.1 3.4 0.0 0.8 1.9

Error (Average) 19.5 17.7 1.1 8.7 2.2 6.7 17.0
Accuracy (%) 80.3 88.4 94.3 90.7 94.1 89.7 85.4 89.0

5. Discussion and Conclusions

This study proposed CIMI, a deep-learning-based medical image AI processing system that
classifies and extracts text from medical images. CIMI not only classifies PFT results, but also extracts
medical images to text in a standardized medical data form for big data or AI researchers. We also
provided a CIMI validation tool for related researchers to assess the accuracy of their algorithm.

The accuracy of Tesseract OCR, which is mainly used in CIMI, is not always constant and is
greatly affected by the application of various pre-processes and whitelists [32]. The PFT used in
our study was particularly affected by the number of characters, size, thickness, color, and margins
between the letters. The higher the number of characters, the larger the size, the thicker the characters,
and the greater the color difference between the characters and the background, the higher the accuracy.
The margins between the letters showed greatest impact in accuracy when characters and margins
were best distinguished. In other words, if the margins between characters were extremely high or
small, the boundaries between characters became blurred, which resulted in lowered accuracy. Because
of these characteristics, the same Tesseract OCR base algorithm showed different accuracy according to
PFT type or algorithm. (Table 2)

Type 1 and type 2 format was found to be similar (Figure 7a). This resulted in little difference
between the CIMI algorithm (86%) and vanilla algorithm (72%) accuracy. This was because the letter
of these PFTs are thicker, larger in size, and have proper margins between the letters than other PFTs.
These types generally showed lower accuracy than other types; for example, CIMI with a standard of
80%. This was because within these PFTs, there were more “%Chg” items that consist mostly of one
word compared to other PFTs.

For types 3, 4, and 7, where format is similar to each other (Figure 7b), the accuracy difference
between CIMI and vanilla, grayscale algorithms is large, because the letters in these PFTs are thin
and small. Difference is most severe in type 3, moderately severe in type 7, less in type 4, because
type 3 has the narrowest margins between letters, whereas type 7 has more “%Chg” items than other
PFTs. Type 4 had a similar font size and thickness compared to type 3 and type 7, but the margins
between the characters were wide, and there was no “%Chg” items, therefore showing a moderately
severe difference.

For type 5 and type 6, which were similar (Figure 7c), despite the smallest letter size compared to
other PFTs, the accuracy between CIMI and other algorithms were relatively small, because the letter
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thickness was thicker than other PFTs, and the margins between letters is reasonable. The reason type
6 had lower accuracy than type 5 was because type 6 had more “%Chg” items than type 5.

Evaluation based on PFT data obtained from patients in St. Mary’s Hospital, Seoul, showed
successful classification of PFT sheets. The CIMI accuracy comparison results were superior to those of
other widely used original algorithms, with an accuracy of 95.3%. This was the result of numerous
systematic comparison and combination test attempts to create the CIMI’s algorithm accuracy to be
optimized in the field of PFT.

The limitation of this study was that CIMI was only applied to one medical institution for only
one year (2019). Since medical data are prone to discrepancies among facilities, more data from
other institutions and past/future years should be used and validate for future research. Moreover,
the accuracy of CIMI was low for certain data types (especially in cases of type 1 and type 2); therefore,
future investigation is needed to further enhance accuracy. CIMI is envisioned to be used as an
impactful tool for future research on big data pulmonary disease analysis and future solutions to
predict respiratory diseases.
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