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1 | INTRODUCTION

Dongcun Wang MD

| Jiping Da MD

Abstract

Background: The role of retrospective analysis has been evolved greatly in cancer
research. We undertook this meta-analysis to evaluate the diagnostic value of Neural
networks (NNs) in Fine needle aspiration cytological (FNAC) image of cancer.
Methods: We systematically retrieved 396 literatures on cytodiagnosis of NNs from
Cochrane, PubMed, and EMBASE. After screening, only six studies were included in meta-
analysis finally. Data was comprehensively analyzed by RevMan and meta-Disc software.
Results: A total of 1165 cases were extracted from six articles. Among them, 593 cases
were in the abnormal/positive group and 572 cases in the normal/negative group. The
pooled estimates for the NNs cytology were Area under ROC curve (AUC): 0.99, Sensi-
tivity: 0.85 (95% Cl:0.82-0.88), Specificity: 0.96 (95% CI:0.94-0.97), Positive Likelihood
Ratio (LR):18.43 (95% Cl:6.83-49.74), Negative Likelihood Ratio (LR): 0.06 (95%
Cl:0.001-0.58), and Diagnostic odds ratio (DOR): 343.21 (34.41-3422.77).
Conclusions: This meta-analysis confirms that NNs Automated Classification algo-

rithm can facilitate to some extent the FNCA diagnosis of cancer.
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network (NN) algorithm at now. NNs, also known as Artificial Neural Net-

works (ANNs), is mathematical algorithm Model that simulates the behav-

Fine needle aspiration cytological (FNAC) is a quick, cheap, minimally
invasive and widely available method of examination of cells collected
from patients that can characterize the majority of lesions, the effective
use of FNAC has helped us to reduce many unwanted surgeries. In
practice, The FNAC pathology report was signed out by a cytopatholo-
gist after reviewing slices/smears microscopically. However, the inter-
pretation of report is an elaborating and time consuming task, even for
a senior cytopathologist, which requires the visual inspection and evalu-
ation of subtle change in nuclei morphology,*? this is a great challenge.

Avrtificial intelligence (Al) has experienced the shallow learning repre-
sented by k-nearest neighbor algorithm (KNN) and support vector
machine (SVM) in 1950s, until the deep learning represented by neural

ior characteristics of animal NNs and carries out distributed parallel
information processing. Compared with single-layer shallow learning, the
model structure of NNs contains multi-layer hidden layer network, which
focuses on the characteristics of feature level. In recent years, ANNs-
powered devices have transformed our daily life, for example:
smartphones, self-driving cars, and intelligent home appliances. Similarly,
ANN has made significant progress in image analysis and object identifica-
tion.3* More and more cytopathologists try use NNs to assist cytological
diagnosis, and have been getting brilliant advances,” In view of most of
these studies was from small samples, and its reliability of results was not
consistent, further research is necessary. Meta-analysis is kind of statistical

method for quantitative synthesis of many studies on the same subject with
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Records identified through database searches: n=396

(Cochrane: n=3; PubMed: n=328;Embase: n=65)

A 4

364 Records after duplicates

FIGURE 1 Flow diagram for selection
of studies included in this meta-analyses

319 excluded in first screen not

v relevant based on title and abstract

45 Potentially Relevant Results

A\ 4

33 Records after duplicates removed

27 articles excluded due to:

No/lack of sufficientdata:3

12 excluded in second screen:
Case report: 1

v Comment: 2

Review: 4

Techniques: 2

Single cell diagnosis: 7 Letiege:1
Tissue slide diagnosis: 9 w Edftoriaiecd
Protocol:1

No full-text: 3

Non-FNAC Type Literature: 5 v

6 studies included in the meta-analysis

TABLE 1  Characteristics of all studies included in the meta-analysis

Author/

published time Tumor type

Anagnostopoulos, Benign/breast cancer

2006
Dey, 2013 Benign/breast cancer
Momeni-Boroujeni, Benign/pancreatic exocrine carcinoma
2017
Savala, 2018 Follicular adenoma (FA)/follicular carcinoma (FC)

Subbaiah, 2014
Teramoto, 2017

Fibroadenomas/infiltrating ductal carcinoma

Adenocarcinoma/squamous cell carcinoma/small
cell carcinoma

Sample Diagnostic

type procedures TP FP FN TN Total
FNAC DiagNN 209 9 3 348 569
FNAC ANN 40 0 4 20 64
FNAC MNN 32 4 3 36 75
FNAC ANN 30 1 1 25 57
FNAC ANN 54 0 1 47 102
FNAC DCNN 139 9 77 73 298

Abbreviations: ANN, artificial neural network; DCNN, deep convolutional neural network; DiagNN, Diagnosis neural network; FN, false negative; FNAC,
Fine needle aspiration cytology; FP, false positive; MNN, multilayer perceptron neural network; TN, true negative; TP, true positive.

specific conditions, which improves the credibility of the results by increasing
the number of samples to solve the inconsistency among the results of the
study.® This article applying meta-analysis method systematically evaluated
the diagnostic value of NNs in FNAC, in order to find a reliable basis for

assist cytopathologist to recognition, and reduce false negative diagnosis.

2 | MATERIALS AND METHODS

2.1 | Search strategy and study selection
Electronic databases, including Embase, PubMed, and Cochrane, were
searched for studies published from the established of each database to

September, 2019 that could be included after screening. Two investigators

(Jian Huang and Dongcun Wang) independently searched the databases.
The following search strategy were used:(((Cytodiagnosis[MeSH Terms])
OR cytodiagnosis)) AND (((((((((((((((Neural Networks[MeSH Terms]) OR
Network, Neurall OR Networks, Neural)l OR Neural Network) OR
Perceptrons) OR Perceptron) OR Neural Network Models) OR Connec-
tionist Models) OR Connectionist Model) OR Model, Connectionist) OR
Models, Connectionist) OR Models, Neural Network) OR Model, Neural
Network) OR Network Model, Neural) OR Network Models, Neural) OR
Neural Network Model) in PubMed, and ((Cytodiagnosis (all field)) AND
neural networks (all field)) in Embase and Cochrane. The search was
restricted to human studies and there was no restriction in terms of publi-
cation time. Study selection was based on the Preferred Reporting Items
for Systematic Reviews and meta-Analyses (PRISMA) statement.”
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FIGURE 2 Methodological
quality graph and summary: review
authors' judgments about each
methodological quality item for each
included study [Color figure can be
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2.2 | Inclusion criteria and exclusion criteria

Inclusion criteria: (a) The purpose of study was to explore the value of
NNs in FNAC; (b) The included article was a case-control study;
(c) The diagnostic standard was

postoperative pathological

examination or Diagnosis by experienced cytopathologist; (d) The crit-
ical reference value is clear; and (e) The results of study are clear and
capable perform statistical analysis.

Exclusion criteria: (a) article theme or type inconsistency; (b) Non-

primary study; (c) Result indicators cannot be statistically analyzed;
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(d) Review or Non-research article; (e) Single cell identify and tissue
diagnosis; (f) No definite critical reference value; and (g) No full-text
and Non-FNAC Type Literature.

A total of 396 papers were searched and six articles were
selected according to inclusion and exclusion criteria by two investiga-
tors Independent screened.

2.3 | Analysis method and data processing

For diagnostic studies, QUADAS-2 (A Revised Tool for the Quality
Assessment of Diagnostic Accuracy Studies) was used to assess the

methodological quality of eligible studies. The 14 requirements was
evaluated according to the “yes, no, or unclear”, and the
corresponding evaluation was carried out® We obtained data
directly/indirectly from the study or compute it to made a four-grid
table: true positive (TP) and false positive (FP), false negative (FN), and
true negative (TN). Statistical analysis was calculated using Revman
(St Albans, London) and meta-Disc software (Clinical Biostatistics Unit,
Ramén y Cajal Hospital, Spain).”1° This study used risk difference as a
diagnostic effect to calculate the 95% Cl. In a diagnostic test, one of
the important reasons for heterogeneity is threshold effect: when
threshold effect exists, the spearman of correlation coefficient of the

logarithm of sensitivity and (1-specificity) is strongly positive.*
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3 | RESULTS
3.1 | Study selection and characteristics

The screening process for study inclusion was summarized in Figure 1.
A total of 328 paper were retrieved from PubMed, 65 paper were
retrieved from Cochrane and three paper were retrieved from Embase.
Among them, 32 duplicated article were excluded first; 319 excluded
was non-relevant paper according to title and abstract; 12 excluded in
second screening because of article type; and 27 articles was excluded
because of Single cell identify or Tissue pathology diagnosis, did not
provide the relevant data, Non-FNAC Type Literature, even non-full
text. Finally, only six studies were included in this studies, The charac-
teristics of included studies are shown in Table 1 (the data were com-

bined in some study according to Cochrane handbook).}%13

3.2 | Quality assessment

The quality of diagnostic accuracy studies-2 (QUADAS-2) tools was

adopted in order to evaluate the selected studies. In this assessment,

Analysis of Diagnostic Threshold

Spearman correlation coefficient: -0.543 p-value= 0.266
(Logit(TPR) vs Logit(FPR)

Moses' model (D = a + bS)
Weighted regression (Inverse Variance)

Var Coeff. Std. Erro T p-value
a 6.286 0.980 6.417  0.0030
b (1) 1.181 0985 1.199 0.2968

Tau-squared estimate = 3.2890 (Convergence is achieved after 8 iterations)
Restricted Maximum Likelihood estimation (REML)

No. studies = 6

Filter OFF

Add 1/2 to all cells of the studies with zero

FIGURE 6 Analysis of diagnostic threshold

14 items were evaluated and each was either valued as “yes,” when
positive or “no,” when unsupported or “unclear” due to unavailable
and/or insufficient information. The QUADAS-2 evaluate result were
shown in Figure 2. The majority of studies applied the ideal reference

standard were of high quality.

3.3 | Meta-analysis results

After pooling all included studies, we performed by pooled sensitivity
and specificity at first, as shown in Figures 3 and 4. We could find that
the pooled sensitivity and specificity are 0.85 (95% Cl:0.82-0.88;
Figure 3) and 0.96 (95% Cl:0.94-0.97; Figure 4), respectively. I for
both sensitivity (95.9%) and specificity (71.7%) is >50%. As such, we
conducted a more cautious analysis using a random effect model.!
The symmetrical sROC curve does not displaying a “shoulder arm”
(Figure 5), and Spearman correlation coefficient is —0.543 (P = .266;
Figure 6), suggesting that no threshold effect was present. The area
under ROC curve (AUC) is 0.99, The positive LR is18.43 (95% ClI:
6.83-49.74), the negative LR is 0.06 (95% Cl:0.001-0.58), and the
diagnostic OR is 343.21 (34.41-3422.77) were shown in Figures 5
and 7-9.

4 | DISCUSSION

Al progress can be divided into three stages:, its concept was first pro-
posed at 1950s; machine learning appeared in 1980s, using mechani-
cal thinking and logical knowledge to solve problems.?* Until recently,
based of NNs technology of Al was applied in pathologic diagnosis,
for example: the early tumor screening, disease preliminary classifying
and between benign and malignancy recognizing.!>22 In the field of
cytopathology, the PAPNET computer-assisted diagnosis system
progressed based on “brain neural network” in 1992 greatly reduced
the work of cytopathologists.?32 At the same time, NNs diagnosis
have been applied to FNAC. The results were listed Table 1, con-
taining screen six literatures meta-analysis to evaluate the diagnostic
value of NNs in FNAC.

Positive LR (95% CI)
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=] &— 1 Savala. R 25.16 (3.68-172.14)
g * Subbaiah. R. M 93.43 (5.93-1,472.74)
Teramoto. A 5.86 (3.14 - 10.95)
e Random Effects Model
Pooled Positive LR = 18.43 (6.83 to 49.74)
Cochran-Q = 22.02; df = 5 (p = 0.0005)

0.01 1
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FIGURE 7 Forest plot of positive LR
[Color figure can be viewed at
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Negative LR (95% Cl) FIGURE 8 Forest plot of negative LR
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The statistical analysis was performed by the Revman software.
Meta-analysis showed that the sensitivity, specificity, positive LR,
negative LR, and DOR of the cytology of Al in cancer were 0.85,
0.96, 18.43, 0.06, and 343.21, respectively (Figures 3, 4, and 7-9).
According to the theory of medical statistics, if the diagnostic accu-
racy of NNs in cytology reaches 79%, and the sensitivity can reach
>80%, Meanwhile, the area under the AUC curve reach 0.9, which
indicates that this method has a higher diagnostic value.?2”?® Obvi-
ously, in this study, the sensitivity of the NNs diagnosis was 85%,
the specificity was 96%, and the AUC was 0.99 (Figure 5), so that we
can find significance of the NNs in the FNAC of cancer. In future,
the NNs can be applied to an unknown of qualitative data of FNAC
to accurately identify the nature of the lesion. This will be a great
assistance of the cytologist in cancer screening and other
tedious work.

However, the shortcomings of this meta-analysis should be noted,
for example: the number of studies included in this analysis was insuffi-
cient, the number of cases in the study sample is relatively small, the
standard of exclusion and inclusion is not perfect and part of the litera-
ture cannot obtain. But meta-analysis as a new literature research
method can play a positive role in enhancing the credibility of the results

by quantitative synthesis of many studies of the same subject with

specific conditions. If we can reduce the source of heterogeneity and
raise the inclusion standard of article, its conclusions are more reliable.

The larger sample size, the more reliable result, it will be
according to the statistical principle. Due to the differences in sample
quantity among the studies, the reliability of the results is not consis-
tent, thus, we would like to have a multi-center, large-scale random-
ized controlled study, so as to improve the reliability of meta-analysis
conclusions.
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