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A B S T R A C T   

Background: Although copy number variations (CNVs) are infrequent, each anomaly is unique, and multiple 
CNVs can appear simultaneously. Growing evidence suggests that CNVs contribute to a wide range of diseases. 
When CNVs are detected, assessment of their clinical significance requires a thorough literature review. This 
process can be extremely time-consuming and may delay disease diagnosis. Therefore, we have developed CNV 
Extraction, Transformation, and Loading Artificial Intelligence (CNV-ETLAI), an innovative tool that allows 
experts to classify and interpret CNVs accurately and efficiently. 
Methods: We combined text, table, and image processing algorithms to develop an artificial intelligence platform 
that automatically extracts, transforms, and organizes CNV information into a database. To validate CNV-ETLAI, 
we compared its performance to ground truth datasets labeled by a human expert. In addition, we analyzed the 
CNV data, which was collected using CNV-ETLAI via a crowdsourcing approach. 
Results: In comparison to a human expert, CNV-ETLAI improved CNV detection accuracy by 4% and performed 
the analysis 60 times faster. This performance can improve even further with upscaling of the CNV-ETLAI 
database as usage increases. 5,800 CNVs from 2,313 journal articles were collected. Total CNV frequency for 
the whole chromosome was highest for chromosome X, whereas CNV frequency per 1 Mb of genomic length was 
highest for chromosome 22. 
Conclusions: We have developed, tested, and shared CNV-ETLAI for research and clinical purposes (https://lmic. 
mgh.harvard.edu/CNV-ETLAI). Use of CNV-ETLAI is expected to ease and accelerate diagnostic classification and 
interpretation of CNVs.   

1. Introduction 

Chromosomal microarray analysis (CMA) is commonly used to di-
agnose genomic disorders. In fact, CMA is the gold standard for prenatal 
diagnosis of fetal chromosomal abnormalities and a first-tier clinical 
diagnostic test for patients with developmental disabilities and 
congenital anomalies [1,2]. CMA is superior to G-banded chromosomal 
analysis for diagnosis of microdeletion and duplication syndromes 
[3–6]. In addition, single nucleotide polymorphism (SNP) microarrays 
can also be used clinically to detect mosaicism and uniparental disomy 
[7]. With the introduction of high-resolution SNP microarrays and 
next-generation sequencing-based technologies, the diagnostic yield of 
copy number variation (CNV) has increased, but this has been 

accompanied by a rise in the detection rate of variants of unknown 
significance (VOUS) [8]. 

Genomic disorders, including CNV-related diseases, can be diag-
nosed more accurately if many similar cases are reported. As such, 
multiple genetic databases have been developed to provide insight into 
specific genetic variants. For example, Database of Genomic Variants 
(DGV) [9] contains structural variations identified in healthy in-
dividuals from 75 publications and Decipher [10] contains approxi-
mately 40,000 records of genetic variants identified in patients. ClinVar 
[11] is a freely accessible genetic variation database that provides in-
terpretations of genetic variations with supporting evidence and confi-
dence levels. The ClinGen initiative [12] has partnered with ClinVar to 
provide expert reviews of the data in ClinVar. Yet another resource 
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called dbVar (http://www.ncbi.nlm.nih.gov/dbvar) contains more than 
6 million structural variants from over 185 human studies, including 
large diversity projects, such as the 1,000 Genomes Project [13], gno-
mAD [14], and the CNV Global Population Survey [15], and clinical 
resources, such as ClinVar and ClinGen. 

Although the data exchange facilitated by CNV databases continues 
to increase the coverage of low incidence CNVs, clinicians still seek 
reference data to aid diagnosis. The diagnostic ability of clinicians is 
complicated by variable CNV breakpoints in patients with the same 
disease diagnosis, the presence of multiple pathogenic CNVs in an in-
dividual, pleiotropic CNVs with phenotypes ranging from normal to 
death, and constantly evolving clinical interpretations as relevant 

clinical data accumulates [16]. Furthermore, novel microdeletions and 
microduplications are regularly discovered due to improved testing 
resolution. A substantial amount of this information is not captured by 
current genetic databases and exists only in journal articles. As such, 
CNV interpretation requires continuous review of relevant literature or 
case reports. This is a labor-intensive and time-consuming task, which 
prolongs diagnostic turnaround time and adversely affects the quality of 
disease management. 

Extensive text mining techniques have been used to scan and orga-
nize data from available publications. For example, the UCSC Geno-
coding project [17] has been systematically collecting journal articles 
using crawling methods since 2012. These methods extract biological 

Fig. 1. CNV-ETLAI data workflow. The CNV-ETLAI 
backend consists of a web server, CNV-ETLAI pro-
cessing server, and data server. The web server re-
ceives a PMID as a key as well as a PDF file from a 
user and finds the literature information from 
PubMed. The CNV-ETLAI processing server extracts 
information for the user in a series of processes. 
Finally, the data server saves the extracted data, 
which can be shared with other users using chro-
mosomes and breakpoint ranges as a key. All 
communication between the user and the data 
server is implemented through a web-based 
platform.   
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information and create a database, which is integrated into the UCSC 
Genome Browser [18]. However, copy number changes and genomic 
coordinates are not extracted with these methods, and the resulting data 
can be confused with other species and on non-CNV-related diseases. 
Thus, databases created in this manner are not appropriate for the 
interpretation of CNVs. 

To reduce the burden of manual literature review and increase the 
effectiveness of CNV interpretation, we developed a web-based tool that 
automatically extracts CNV-related text – chromosome, copy number 
change, genomic coordinates of breakpoints, and assembly version – 
from journal portable document format (PDF) files and constructs a CNV 
database. Importantly, our tool uses a crowdsourcing approach to up-
scale its database as usage increases. 

2. Methods 

2.1. CNV Extraction, Transformation, and Loading Artificial Intelligence 
(CNV-ETLAI) system overview 

We developed CNV Extraction, Transformation, and Loading Artifi-
cial Intelligence (CNV-ETLAI) as a web-based tool. The web browser 
receives a converted PDF and its corresponding PubMed identification 
(PMID) number as input (Fig. 1). We developed the frontend of CNV- 
ETLAI using HyperText Markup Language (HTML) and JavaScript, and 
the backend of CNV-ETLAI consists of web-, processing-, and data- 
servers. 

The PMID was used to identify the journal article in the data server. 
The web server receives the corresponding article title from PubMed to 
verify that the PMID and PDF file match. Then, the processing server 
calculates the degree of similarity between the PMID title and the article 
title extracted from the PDF file. This string similarity was calculated 
using the Levenshtein distance (L-distance) algorithm [19]. L-distance 
becomes “0” if the titles match entirely. We assumed that titles matched 
if the L-distance was smaller than 0.3. If the title extraction from the PDF 
file failed, the L-distance was calculated by extracting the title from the 
PDF metadata. Through this process, CNV-ETLAI determines if the PMID 
matches the title of the PDF file, and, if it does not match, CNV data 
extracted from the PDF file is not stored in the data server. 

Users can retrieve CNV data using simple queries. For example, a 
chromosome-level search and a breakpoint range search are provided. 
The search results are displayed in a table format that shows the journal 
title, PMID, and CNV extraction results. CNV-ETLAI also provides a lift 
over function that unifies the genomic assembly versions. All CNV 
genomic coordinates are saved in the data server after automatic con-
version to the hg19 genomic assembly version. 

2.2. PDF conversion 

The PyMuPDF library [20] was used to extract text, thumbnail im-
ages of each page, and metadata from PDF files. The title, text body, and 
tables were converted to the Extensible Markup Language (XML) file 
format, and images of each page were converted to Portable Network 
Graphic (PNG) files with a size of 596 pixels by 791 pixels. The metadata 
of a PDF file includes the title, keywords, and publication date. We used 
the title from the metadata for comparison to the title obtained from the 
PMID as described above. 

2.3. Dual-mode artificial intelligence algorithm 

We developed and applied dual-mode AI algorithms suitable for each 
of the two target types (i.e. figures and text). For figures, we applied a 
convolutional neural network (CNN) to understand the contents of the 
figures in each paper and accurately extract the relevant content. For 
text, we used a natural language processing (NLP) method to understand 
and summarize the contents of the preprocessed text and tables (Fig. 2). 

2.4. Figure detection 

We used a CNN for binary classification of CNV-related and non- 
CNV-related figures. To construct a training set for our CNN classifica-
tion model, we converted 83 local PDF files to PNG format and classified 
CNV images as positive or negative for each page. In this training set, 
101 CNV-positive and 171 CNV-negative images were present. 

For our classification model, we selected MobileNet V2 [21], which 
is based on an inverted residual structure and linear bottleneck layers. 
As MobileNetV2 uses only a few parameters, excluding fully connected 
layers with high computational consumption, it can achieve relatively 
high accuracy without high usage of computational power. We chose 
this model to make CNV-ETLAI available to users with limited computer 
memory and CPU capacity. The pre-trained model from the original 
repository in PyTorch [22] was fine-tuned using our training dataset. 
The network topology was optimized using Adam [23] with a batch size 
of 64 and a learning rate of 0.01. In the training step, augmentation was 
performed by applying geometric transformations: rotation from -10 to 
10◦, random horizontal flip, random vertical flip, and random grayscale 
with 10% probability for each. All experiments were conducted on the 
NVIDIA Geforce Titan X (Santa Clara, CA, USA) Graphic Processing Unit 
(GPU), and deep-learning models were implemented with the PyTorch 
library (version 1.8.1). 

2.5. Text extraction: context preprocessing 

XML files extracted from PDF files are composed of blocks with a 
single character and its location information. XML files are converted 
into plain text based on location information, page orientation, para-
graph composition, and line breaks. During this conversion, special 
characters used only in PDF files were changed to American Standard 
Code for Information Interchange (ASCII) characters. For example, en- 
dashes (–) and em-dashes (—) were replaced by the minus character 
(-). To prevent extraction errors caused by the complexity of the inter-
national system for International System for Human Cytogenomic 
Nomenclature (ISCN) [24] found in microarray interpretations, our text 
extraction algorithm simplified the chromosome, chromosome arm (p or 
q), band, and sub-band into “CHR” plus the corresponding chromosome 
(e.g., 22q11.2q13 becomes CHR22). Additionally, × 3, × 4, “dup”, and 
“trp” were replaced with "duplication", whereas × 0, × 1, and “del” were 
converted to "deletion". For the X and Y sex chromosomes, × 2 was 
changed to “duplication”. 

2.6. Text extraction: table preprocessing 

We developed an algorithm to clarify the positional regions of cells in 
tables and transform them into a form suitable for NLP. This algorithm 
consists of two steps. In the first step, special characters, chromosome 
details, and copy number results are converted in the same way as in the 
context preprocessing described above. In this step, the location and 
range of the header and index are combined with the sub-header and 
sub-index. In the second step, each cell of the table is coupled with the 
corresponding index and header, and these cells are aggregated by rows 
and columns. Finally, the algorithm adds the table title, converts the 
table contents into multiple sentences, and extracts CNVs (Fig. 3). 

2.7. Natural language processing (NLP) 

We extracted CNVs from preprocessed text and tables using NLP by 
searching for CNVs in the form of “chromosome – deletion/duplication – 
breakpoint (start) – breakpoint (end)” (Fig. 2). First, we divided the 
preprocessed text and tables into sentence units using the sentence 
tokenizer of the natural language tool kit (NLTK) library [25]. Second, 
we marked and extracted target words based on patterns of words 
related to CNVs. For example, from the statement “the deletion in CHR3 
was detected from 324,304,453 to 433,546,875”, CNV breakpoints 
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Fig. 2. Example of PDF data extraction by CNV-ETLAI. CNV-ETLAI utilizes a convolutional neural network (CNN) to detect a CNV-related image. To extract CNV 
information using natural language processing (NLP), figure legends, tables, and references are preprocessed separately. The preprocessed texts are combined, and 
CNV information is extracted through NLP. 
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could be successfully detected with the “deletion/duplication – chro-
mosome – number – number” pattern. The regular expression pattern for 
this is: “([deletion|duplication])[\s\S]∗(CHR[0 − 9XY]{1,2})[\s\S]∗([\d\,
] + )\ − ([\d\, ] + )”. 

The NLP algorithm applies several types of complex patterns to 
detect complicated sentences in which multiple target words exist in one 
sentence. When regular expression extraction failed, location-based 
extraction was performed. Location-based extraction takes the char-
acter position of the breakpoint and measures the letter-unit distance to 
the nearest chromosome and copy number. The closest chromosomes 
and copy number changes are grouped based on starting position for up 
to three sentences. The genomic assembly version (hg or GRCh version) 
is detected in a similar manner and also defaults to the closest instance. 
If the genomic assembly version cannot be found in a nearby sentence, 
the first version mentioned in the document is used. 

2.8. CNV-ETLAI user interface 

The CNV-ETLAI frontend consists of HTML and JavaScript, and its 
backend is written in Node.js [26]. We named the first version of the 
frontend “CNXtractor”. CNXtractor has three functions. First, when 
using the search function, the user interface displays CNVs and literature 
information in a table broken down by chromosome (Fig. 4). Users can 
also search using “chromosome: start-end” queries (e.g., 22:10,000, 
000–30,000,000). The retrieved result is displayed in the table format or 
the interactive genome visualization interface with igv.js library [27]. 

Second, CNV-ETLAI can receive PMIDs and PDF files as input data. 
Once the input data is processed, literature information is output from 
the PMID, and CNV information is output from the PDF file. Finally, a 
thumbnail image of each article page and page number for each CNV- 
related figure is displayed below the CNV information. 

2.9. Performance test 

To evaluate the accuracy of CNV-ETLAI, we tested its performance 
on 24 randomly selected journal articles. For comparison, CNV infor-
mation was extracted manually from the same papers by a specialized 
laboratory medicine clinician with more than 3 years of experience in 
clinical CMA. We also compared CNV-ETLAI to MasterMind (https:// 
www.genomenon.com/mastermind), a commercial genomic search en-
gine that allows users to search a comprehensive dataset for genetic 
variants. Accuracy of CNV detection and time required for CNV detec-
tion were compared and analyzed. We also analyzed a CNV database, 

which was compiled using the crowdsourcing method of CNV-ETLAI 
from September 2021 to October 2021. Deletion and duplication fre-
quencies for each chromosome were evaluated. 

3. Results 

3.1. CNN accuracy 

We measured the performance of the CNN classification model using 
images from pages containing 24 CNV-related images and 191 non-CNV- 
related images. Using this test set, the accuracy of the CNN classification 
model was 100%. All journals in the test set were also accurately 
detected. 

3.2. Accuracy comparison 

The accuracy of CNV detection by manual review and CNV-ETLAI 
was 94.6% and 98.2%, respectively (Fig. 5). The false negative rate 
for manual review was 5.4%, and the false negative rate for CNV-ETLAI 
was 1.2%. 

For comparison of CNV detection by CNV-ETLAI versus Mastermind, 
40 CNVs could not be used because the genomic version was not 
mentioned or because of a version converting issue and 76 CNVs could 
not be found in MasterMind at the time. For 5 of the 24 randomly 
selected journal articles, more than 1 CNV was identified by the 
MasterMind search engine. We evaluated 52 CNVs from these articles for 
performance comparison. The accuracy of CNV detection by CNV-ETLAI 
and MasterMind was 98.1% and 57.7%, and the false negative rate was 
0% and 42.3%, respectively. CNV-ETLAI detected 1 false positive case 
(PMID:25184002, 11:7,000,000–20,000,000, Deletion), which was not 
detected by the MasterMind search engine. 

The 95% confidence interval for the average processing time was 
309.6 ± 63.5 s for manual review and 5.1 ± 1.7 s for CNV-ETLAI. 
Approximately 11.9% of CNVs were obtained from figures alone, and 
these were all successfully detected by CNN binary classification (Sup-
plemental Data Table S1). 

3.3. Data collection with a crowdsourcing approach 

From September 2021 to October 2021, 5,899 CNVs from 2,313 
journal articles, which were published between 2015 and 2021, were 
collected between using the crowdsourcing approach of CNV-ETLAI. A 
total of 3,422 CNVs with deletion and 2,467 CNVs with duplication were 

Fig. 3. The algorithm for extracting CNV 
information from a table. A complete set of 
CNV information (start – end – chromosome 
– deletion or duplication) can be obtained 
either from a single cell or a combination of 
multiple cells in a table. To combine multi-
ple cells in a table (A), the table header (C) 
and index (D) are merged cell by cell to 
generate (E) and (F), respectively. The 
resulting contents of (E) and (F) are then 
combined with the table title (B) and con-
verted into multiple sentences (G).   
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detected. Deletions were more frequently reported than duplications for 
all chromosomes except chromosome X and chromosome 12. CNVs were 
most frequently reported for chromosome X when estimated for the 
whole chromosome length, and chromosome 22 when estimated per 1 
Mb of genomic length (Fig. 6). 

4. Discussion 

With the development of advanced CNV detection technology, we 
have gained substantial insight into CNV-related diseases. However, 
clinical interpretation of CNVs remains challenging. Patients with the 

Fig. 4. CNExtractor interface and representative CNV results. (A) Users can retrieve CNV data for chromosomes from the database through CNExtractor, and the 
results (chromosome, breakpoint, and copy number) are displayed with their PMID and corresponding article title in a table format. Chromosome-breakpoint 
searching is also available. (B) Once the extraction is complete, CNV information (top), page information, and thumbnails of article pages (bottom) are dis-
played. (C) The CNVs can be visualized using the genomic viewer (igv.js) in the evaluation of other achieved results, the distribution of included genes, and the 
location of sub-bands. 
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same disease diagnosis can have CNVs with variable breakpoints, and it 
is more difficult to diagnose CNV-related diseases than other Mendelian 
genetic diseases due to reduced penetrance and variable expression 
among patients with the same CNVs. To prevent errors in disease 
diagnosis, it is necessary to use an evidence-based and standardized 
approach. 

In 2018, a semi-quantitative point-based scoring metric was devel-
oped by the American College of Medical Genetics (ACMG) and the 
ClinGen research group to standardize CNV interpretation [28]. Scores 
are assigned based on overlap with established or predicted 

haploinsufficiency genes or established benign genomic regions, the 
number of protein coding genes affected by the CNV, literature reports 
associating the CNV or any genes within the CNV with human pheno-
types, and the family history of the patient being studied. Thus, inter-
pretation of CNVs changes as knowledge accumulates and as more 
reports are published. Approximately 1–7% of CNVs are currently 
classified as VOUSs [7,29–31], and periodic reinterpretation of these 
cases is expected. 

Although these guidelines have substantially contributed to stan-
dardization and improved quality control for CNV scoring and 

Fig. 5. Test set characteristics and performance of CNV-ETLAI. (a) Using a test set, 168 CNVs originating from tables (58.0%), context (30.1%), and figures (11.9%) 
were detected by CNV-ETLAI. (b) The genomic assembly versions were hg19 (68.5%), hg18 (10.7%), no description (10.1%), hg17 (7.1%), and hg38 (3.6%). (c) The 
mean processing time was 309.6 ± 63.5 s per article when reviewing articles manually and 5.1 ± 1.7 s when using CNV-ETLAI. (d) The accuracy of the manual 
review was 94.6%, and the false negative rate was 5.4%. (e) The accuracy of CNV-ETLAI was 98.2%, and the false negative rate was 1.2%. 

Fig. 6. Copy number variations (CNVs) were collected in the CNV-ETLAI server from September 2021 to October 2021. CNVs were most common in chromosome X, 
followed by chromosomes 15, 2, and 16. Chromosome 22 has the highest CNV rate per 1 Mb of genomic length. 
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reinterpretation, they are extremely complex and too labor-intensive for 
routine application in clinical laboratories. Fortunately, most of the 
calculations outlined by the guidelines can be automated. For example, 
quantifying the number of protein coding genes and identifying estab-
lished or predicted haploinsufficiency genes within a CNV can be 
computationally implemented. In contrast, to the best of our knowledge, 
no existing database or analysis system can currently be leveraged for 
automated identification of previously reported CNV-associated human 
phenotypes. Qie et al. [32] created a CNV database by manual curation, 
but it only includes articles published from 2006 to 2012. Yang et al. 
[33] developed a NLP algorithm to extract disease diagnoses, copy 
number changes, and CNV locations from the published literature. 
However, their NLP algorithm requires plaintext as an input and only 
extracts information from the chromosome level to the sub-band level. 

To facilitate accurate implementation of current CNV interpretation 
guidelines, an algorithm must be able to process PDF files and various 
types of data, including text, tables, and images, to create a compre-
hensive CNV database. In addition, the algorithm should extract CNV 
breakpoints at the level of genomic coordinates to utilize the resolution 
provided by SNP microarrays, which are now the clinical standard. CNV- 
ETLAI addresses these concerns and is also designed to automatically 
upscale its database as usage increases. 

Our results show that CNV-ETLAI is able to utilize a crowdsourcing 
approach to collect comprehensive CNV data. CNV classification using 
CNV-ETLAI is much faster and more accurate than manual annotation by 
a human expert, with fewer mistakes arising from an incomplete liter-
ature search. Classification of the 7p22.1 duplication is presented as an 
illustrative example in Supplementary 2. This duplication is not well 
known and has only recently begun to receive attention as a disease- 
associated variant. We could only find 7 clinical case reports with a 
keyword-based manual literature search. This may not be sufficient to 
classify the 7p22.1 duplication as pathogenic as only 5 cases were 
confirmed to be de novo. Using CNV-ETLAI, 2 additional cases were 
identified from cohort studies. These cases were missed by the search 
engine as the relevant CNV information was not reflected in the titles or 
abstracts of the papers. In addition, CNV-ETLAI has a low false positive 
rate, making it suitable for screening purposes. Our web-based appli-
cation (CNXtractor) allows for rapid feedback regarding incorrect 
extraction results and is available to users anytime and anywhere with 
internet access. 

And maybe we can get statical insight from it. For example, chro-
mosome 22, which has the highest CNVs rate per 1 Mb in our research 
would be related to George syndrome (22q11.2 deletion), one of the 
most common copy number diseases. Also, it corresponds to the 
recombination rate of the human chromosome [34]. 

For analysis of figures, CNV-ETLAI utilizes a CNN, which is only able 
to perform binary classification. In our testing dataset, approximately 
12% of CNVs were only present in figures. Future versions of CNV-ETLAI 
will be able to extract estimated CNV breakpoints from figures. We 
expect this to be possible as data accumulates in the CNV-ETLAI data 
server. Lack of information regarding the genomic assembly version in 
approximately 10% of our testing dataset is a further limitation as the 
genomic coordinates of CNV breakpoints should be converted into the 
same genomic assembly version for accurate data integration. This issue 
could be addressed by assiduous usage of the latest ISCN nomenclature 
for reported microarray data. As CNV-ETLAI targets high-resolution 
data, it cannot be employed if there is no genomic coordinate infor-
mation about the CNV breakpoints. Effective integration methods for 
low-resolution data will be studied and incorporated through program 
upgrades in the future. Although the frontend of CNV-ETLAI, CNEx-
tractor, can only receive one PDF file at a time, the underlying system is 
designed to process multiple PDF files or plaintext submissions simul-
taneously. We expect that many CNV reports can be compiled in a short 
time using CNV-ETLAI. 

In conclusion, we have developed and described CNV-ETLAI, a novel 
tool for extracting detailed CNV information from the text, tables, and 

figures of published articles. Importantly, CNV-ETLAI reduces the labor 
required for CNV analysis and addresses the shortcomings of existing 
automated CNV analysis methods, making it possible to easily obtain 
complex CNV data for research and clinical applications. 
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[34] M. Farré, D. Micheletti, A. Ruiz-Herrera, Recombination rates and genomic 
shuffling in human and chimpanzee-a new twist in the chromosomal speciation 
theory, Mol. Biol. Evol. 30 (4) (2013) 853–864, https://doi.org/10.1093/molbev/ 
mss272. Apr. 

J. Choi et al.                                                                                                                                                                                                                                     

https://doi.org/10.1007/s13353-017-0407-4
https://doi.org/10.1007/s13353-017-0407-4
http://text.soe.ucsc.edu
https://doi.org/10.1093/nar/gks1048
http://refhub.elsevier.com/S0010-4825(22)00124-X/sref19
http://refhub.elsevier.com/S0010-4825(22)00124-X/sref19
http://pymupdf.readthedocs.io/en/latest/
https://doi.org/10.1109/cvpr.2018.00474
http://refhub.elsevier.com/S0010-4825(22)00124-X/sref22
http://refhub.elsevier.com/S0010-4825(22)00124-X/sref22
http://refhub.elsevier.com/S0010-4825(22)00124-X/sref22
http://refhub.elsevier.com/S0010-4825(22)00124-X/sref23
http://refhub.elsevier.com/S0010-4825(22)00124-X/sref23
http://refhub.elsevier.com/S0010-4825(22)00124-X/sref24
http://refhub.elsevier.com/S0010-4825(22)00124-X/sref24
http://refhub.elsevier.com/S0010-4825(22)00124-X/sref24
https://doi.org/10.1109/mic.2010.145
https://doi.org/10.1109/mic.2010.145
https://doi.org/10.1101/2020.05.03.075499
https://doi.org/10.1038/s41436-019-0686-8
https://doi.org/10.1038/s41436-019-0686-8
https://doi.org/10.1002/uog.14880
https://doi.org/10.1038/gim.2013.168
https://doi.org/10.1186/s12884-020-03368-y
https://doi.org/10.1002/humu.22163
https://doi.org/10.1186/s12859-018-2526-2
https://doi.org/10.1186/s12859-018-2526-2
https://doi.org/10.1093/molbev/mss272
https://doi.org/10.1093/molbev/mss272

	A scalable artificial intelligence platform that automatically finds copy number variations (CNVs) in journal articles and  ...
	1 Introduction
	2 Methods
	2.1 CNV Extraction, Transformation, and Loading Artificial Intelligence (CNV-ETLAI) system overview
	2.2 PDF conversion
	2.3 Dual-mode artificial intelligence algorithm
	2.4 Figure detection
	2.5 Text extraction: context preprocessing
	2.6 Text extraction: table preprocessing
	2.7 Natural language processing (NLP)
	2.8 CNV-ETLAI user interface
	2.9 Performance test

	3 Results
	3.1 CNN accuracy
	3.2 Accuracy comparison
	3.3 Data collection with a crowdsourcing approach

	4 Discussion
	Research funding
	Declaration of competing interest
	Appendix A Supplementary data
	References


