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The relation between corneal optical quality and 

clinical ocular surface manifestations in Chinese 

female with Sjogren’s syndrome dry eye

Jingyu Zhang, Qian Deng, Maierhaba Maitiyaer, Li Wang, Amy Michelle Huang, 
Yue Liang, Qiudan Huang, ShuiLian Yu & Zhiping Liu

Abstract

Objective
To evaluate the relation between 
corneal optical quality and ocular 
surface manifestations in Chinese 
female patients with Sjogren's 
syndrome dry eye (SSDE).

Methods
Cross-sectional study of female 
SSDE patients. Demographic 
information and ophthalmological 
and rheumatological indicators 
were collected. Ocular Surface 
Disease Index (OSDI) and Chinese 
Dry Eye Questionnaire (CDEQ), best-
corrected visual acuity (BCVA), first 
and mean noninvasive tear break-
up time (FNIBUT and MNIBUT), 
Schirmer I testing, Oxford Staining 
Score (OSS), meibomian gland loss 
(MGL), and optical quality were 
evaluated using generalized 
estimating equation (GEE) models. 
Multinomial logistics regression 
models and multiple linear 
regression models were employed 
to assess the correlations between 
dry eye indicators and corneal 
optical quality.

Results
27 SSDE patients (47 eyes), 9 Non-
Sjögren’s Syndrome dry eye patients 
(NSSDE, 14 eyes), and 23 normal 
controls (NC, 44 eyes) were included. 
More severe dry eye signs and 
poorer results of corneal optical 
qualities were found in Chinese 

female SSDE patients (all p < 0.05). 
More severe dry eye signs (CDEQ 
score, FNIBUT, MNIBUT, OSS, Schirmer 
I test, lipid layer distribution, and 
MGL) and poorer results of corneal 
optical qualities (angle a) were found 
in SSDE patients (all p < 0.05). In 
addition, there was a significant 
difference in astigmatism (posterior 
corneal surface astigmatism, and 
the types of astigmatism on the 
anterior and posterior surface of 
the cornea) between the groups 
(all p < 0.05).

Conclusions
Chinese females with DE, and 
particularly those with concurrent 
SS, demonstrated poorer ocular 
surface and corneal optical quality 
measures than those without DE.

Dry eye (DE) disease is a common, 
chronic, inflammatory condition. 
According to previous studies, 
women are more susceptible to DE 
compared to men, and the 

1
prevalence increases with age . 
Dry eye (DE) is a common, chronic, 
inflammatory condition that affects 
the ocular surface and tear film, 
leading to discomfort, visual 
impairment, and reduced quality 

2
of life . This disease can trigger 
changes in the ocular surface and 

3,4,tear film  which in turn can increase 
ocular discomfort, fatigue, and 
visual impairment that can interfere 

Introduction

with a patient's daily activities, 
such as reading, driving, and 

1electronics use, to varying degrees . 
DE disease can cause corneal 
damage, such as by inducing 
inflammation, protein and lipid 
deposition, corneal edema, and 
corneal neovascularization. This 
adversely affects corneal refraction 
and the optical pathway to the 
retina, and in severe cases, it can 

5even lead to blindness . Currently, 
abnormal visual function is 
included in the definition and 
diagnostic criteria of DE disease by 

6Asia Dry Eye Society .
Certain systemic diseases, such 

as Sjogren's syndrome (SS), are 
considered to be a risk factor for DE 

7disease . This systemic autoimmune 
disease involves the exocrine glands 
and is primarily associated with 

8,9immune cell dysregulation . The 
disease has an insidious onset and 
diverse clinical manifestations, with 
up to 98% of patients presenting 
with dryness of various organ 

10
systems . Many patients present 
with dry mouth and eyes due to 
decreased function of the salivary 

11
and lacrimal glands . SS, an 
autoimmune disease, is a significant 
risk factor for DE, often presenting 
with severe ocular surface 
manifestations due to decreased 
tear production and increased tear 

11
film instability . Tear film instability 
and ocular surface inflammation 
can lead to a vicious cycle that 
complicates the treatment of DE 
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12,13disease . If this disease is not 
treated in a timely manner, the 
patient's symptoms may worsen, 
become more difficult to treat, 
and may lead to permanent ocular 
damage.

Previous studies have explored 
the impact of DE on corneal optical 

14quality , but the relationship 
remains incompletely understood, 
particularly in Chinese female 
patients with SSDE. This study 
aims to fill this gap by evaluating 
the correlation between corneal 
optical quality and clinical ocular 
surface manifestations in Chinese 
female patients with SSDE. This 
research aims to elucidate the 
relationship between corneal 
optical quality and clinical ocular 
surface manifestations in Chinese 
females with Sjogren's syndrome 
dry eye (SSDE), and to identify 
potential indicators for early 
intervention to preserve visual 
quality.

Study design and participants

This cross-sectional case–control 
study was performed according to 
the principles of the Declaration of 
Helsinki and was approved by the 
Ethics Committee of the Second 
Hospital of Guangzhou Medical 
University (2019-hs-12).

We recruited 27 SSDE patients 
(47 eyes), 9 Non-Sjögren’s Syndrome 
dry eye patients (NSSDE, 14 eyes), 
and 23 normal controls (NC, 44 
eyes) from July 2021 to December 
2023. Flowchart of participant 
screening was shown in Fig. 1. The 
diagnosis and classification of SS 
patients were identified by a 
rheumatologist (YSL) in accordance 
with the 2016 American College of 
Rheumatology/European League 
Against Rheumatism classification 
criteria for primary Sjogren's 

15syndrome . The inclusion criteria 

Methods

included the following: (1) aged 
20–60 years; (2) intraocular 
pressure (IOP) < 21 mmHg; (3) no 
other systemic or ocular diseases. 
Exclusion criteria included the 
following: ocular anatomical 
abnormalities (eyelid entropion, 
eyelid scarring, etc.); history of 
glaucoma; contact lenses wearers; 
intraocular surgery within the last 
12 months; recent eye infection; 
and pregnant or lactating women. 
The sample size for the Non-Sjögren’s 
Syndrome dry eye (NSSDE) group 
was limited due to the specific 
inclusion criteria and the relative 
rarity of this subgroup among the 
overall dry eye population. While 
NSSDE patients are encountered in 
clinical practice, recruiting a larger 
sample size within the study 
timeframe was challenging. Future 
studies may focus on expanding 
this cohort to provide more robust 
data.

Patients were included based 
on the presence of clinically 
significant dry eye symptoms and 
signs in at least one eye. While dry 

eye disease (DED) often affects 
both eyes, particularly in patients 
with Sjogren's syndrome, the 
severity and manifestations can 
vary between eyes. Therefore, 
both eyes were included if they 
met the inclusion criteria, while 
only one eye was included if the 
other did not meet the criteria or if 
the patient had unilateral disease.

All the participants received a 
standardized ophthalmological 
examination consisting of best 
corrected visual acuity (BCVA), IOP, 
and slit-lamp examination at the 
time of enrollment.

Dry eye questionnaire collection

Participants were instructed to fill 
out the Ocular Surface Disease 
Index (OSDI) and Chinese Dry Eye 
Questionnaire, which required them 
to describe the impact of their 
current symptoms on their daily 
lives. The OSDI ranged from 0–100, 
while the Chinese Dry Eye 
Questionnaire ranged from 0–48. 
An OSDI score of less than 20 is 
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Fig. 1

Flowchart of study participants. SSDE, Sjogren's syndrome dry eye. NSS, Non-Sjögren’s Syndrome dry eye. 
Some patients who were missing data on several essential indicators (e.g., best-corrected visual acuity, 
ocular surface staining, etc.) were excluded



considered normal or mild dry eye; 
20–45 is considered moderate; 
and more than 45 is considered 

16
severe dry eye . An CDEQ score of 
more than 7 is considered as 

17
symptomatic DE .

Ocular surface measures

We examined tear meniscus 
height (TMH), staining of the ocular 
surface, first and mean noninvasive 
tear break-up time (FNIBUT and 
MNIBUT), lipid layer condition, bulbar 
conjunctival hyperemia (BCH), and 
the condition of meibomian gland 
loss (MGL). The above subjects were 
measured and evaluated using a 
Keratograph 5 M (Oculus, Wetzlar, 
Germany), which has a high level 
of discrimination and diagnostic 

18accuracy . The staining map 
obtained by Oculus was scored in 
conjunction according to the 
Oxford Staining Score(OSS) to 
assess the damage to the ocular 

19
surface . In addition, the best 
corrected visual acuity (BCVA) and 
intraocular pressure (IOP) of all 
patients were tested before the 
ocular surface examination. Best-
corrected visual acuity (BCVA) was 
measured and converted to 
LogMAR for analysis. Original 
measurements were taken using a 
standard ETDR chart. The conversion 
formula is:logMAR = log10 (?1/visual 
acuity value)".

Examinations were conducted 
in a controlled environment with a 
temperature of 22-25 ?  and 
humidity of 40–60%. Participants 
were acclimated to the room for at 
least 15 min before testing. Ocular 
surface tests were performed in the 
following order: tear meniscus height 
(TMH), first and mean noninvasive 
tear break-up time (FNIBUT and 
MNIBUT), meibomian gland loss 
(MGL), ocular surface staining, and 
Schirmer I test. This sequence 
minimizes the impact of eyelid 
manipulation and fluorescein insti-

llation on subsequent measure- 
ments. Lipid layer distribution was 
assessed using the Keratograph 5 
M (Oculus, Wetzlar, Germany) and 
graded based on the presence and 
uniformity of the lipid layer. 
Meibomian gland loss was evaluated 
using the meiboscore system 

20validated by Reiko Arita .
Based on previous study, 

fluorescein staining with the 
yellow filter has the advantage of 
simultaneous observation of both 
corneal and conjunctival damage 
in patients with dry eye without the 

21
need for additional vital staining . 
Corneal staining was assessed 2–3 min 
after fluorescein instillation to ensure 
stable conditions. The Schirmer I 
test was performed with the eyes 
closed to standardize tear production 
measurement. Fluorescein strips 
(Oculus, Wetzlar, Germany) and 
Schirmer test strips (Tianjin Jingming 
New Technology Develop-ment 
Co., Ltd., Tianjin, China) were used.

The Schirmer I test without 
anesthesia was used to measure 
tear production. A dry Schirmer 
test strip was inserted over the 
outer one-third of the lower eyelid 
margin and the distance that the 
tears traveled along the test strip 
at 5 min was recorded as the 
Schirmer I score.

Corneal optical quality measures

The Pentacam (Oculus, Wetzlar, 
Germany) was used to assess corneal 
morphology, including astigmatism 
on the anterior and posterior surfaces. 
The iTrace wavefront aberrometer 
(Tracey Technologies, Houston, TX, 
USA) was used to directly measure 
corneal optical quality, including 
total corneal high-order aberrations 
(tHOAs), spherical aberrations (SAs), 
comas, modulation transfer function 
(MTF), and angles a and ?. These 
measurements provide a compre- 
hensive evaluation of corneal 
optical quality.

Statistical analysis

The statistical power was calculated 
using PASS 15.0 software. Stata 
statistical software (V.17.0, Stata 
Corp, College Station, TX) was used 
for statistical analyses in this study, 
and p < 0.05 was considered a 
statistically significant difference. 
Means, standard errors, and 
weighted percentages were used for 
continuous variables, and frequency 
and weighted percentages were 
used for categorical variables. 
Generalized estimating equation 
(GEE) models were used to count 
for inter-correlation of eyes within 
study subjects. Eyes (left or right) 
were set as within-subject variables 
in the GEE models. The measurements 
were dependent variables, while age, 
and eye were set as covariates. 
Normality of distribution was verified 
using the Kolmogorov–Smirnov 
test. Given the small sample size of 
the NSSDE group, normality tests 
were performed on each dataset. 
For variables that did not follow a 
normal distribution, data were 
presented as median (interquartile 
range, Q1-Q3) to accurately reflect 
the central tendency and dispersion 
(Supplementary Table 1). Group 
comparisons for normally distributed 
continuous variables were performed 
using GEE. Kruskal–Wallis tests were 
utilized to analyze non-normally 
distributed data. Categorical data 

2were compared using ?  tests. 
Receiver operating characteristic 
(ROC) and area under the curve 
(AUC) were used to assess the 
predictive ability of statistically 
significant ocular surface indicators 
for DE disease. To explore the 
relationship between ocular surface 
indicators and corneal optical quality 
indicators and between-group 
differences, prior to conducting 
regression analysis, associations 
between dependent and independent 
variables were assessed using 
Kendall's tau-b correlation coefficient. 
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For multiple linear regression 
analysis, the dependent variable 
was continuous and normally 
distributed (e.g., corneal optical 
quality indicators). For multinomial 
logistic regression analysis, the 
dependent variable was categorical, 
following a binomial distribution (e.g., 
presence or absence of specific 
ocular surface manifestations).

Clinical ocular surface manife- 
stations and optical quality 
performance

Sample size calculation was performed 
based on the expected effect size. 
In our current study, a sample size 
of 30 eyes in the SSDE group, 10 eyes 
in the NSSDE group, and 30 eyes in 
the NC group achieved a statistical 
power of 93% in differentiating the 
Schirmer I test, OSS, FNIBUT, and 
MNIBUT measurements.

In this study, participants were 
recruited between July 2021 and 
December 2023 at the Second 
Affiliated Hospital of Guangzhou 
Medical University. 27 SSDE patients 
(47 eyes), 9 NSSDE patients (14 eyes), 
and 23 NC participants (44 eyes) 
met the inclusion and exclusion 
criteria. We performed further SS 
disease diagnosis and corneal optical 
quality assessment on these 
participants. After diagnosis by the 
same rheumatologist according to 
the 2016 American College of 
Rheumatology/European League 
Against Rheumatism classification 
criteria for primary Sjogren's 
syndrome, the above participants 
were enrolled in this study. 
Rheumatologic indicators of SSDE 
patients are shown in Table 1.

As shown in Table 2, compared 
to the NSSDE group and NC group, 
those with SSDE had decreased tear 
film breakup times (5.580 ± 0.529 s, 
p < 0.001; 9.186 ± 0.844 s, p = 0.001), 
and lower tear secretion (4.617 ± 

Results

 0.579 mm/5 min, p < 0.001) over 
the same period of time. Uneven 
distribution of the lipid layer 
(p = 0.003) was observed in SSDE 
patients. Additionally, the upper 
MGL (p < 0.001) and lower MGL 
(p = 0.001) were worse in SSDE 
patients. The results of the 
participant questionnaire showed 
that the CDEQ scores of SSDE 
patients were higher than those of 
the NC group (11.143 ± 1.368, 
p = 0.001). BCVA was converted to 
logarithmic minimum angle of 
resolution(logMAR). There was a 
statistically significant difference 
in logMAR between the three 
groups of participants (p = 0.001), 
but this was perhaps due to the 
greater mean age of the SS group 
(p < 0.001). The ability of statistically 
different ocular surface indicators 
to discriminate SS can be reflected 
in Fig. 2. OSS, Schirmer I test, 
CDEQ, FNIBUT and MNIBUT all 
exhibit robust discriminatory capacity 

with AUCs of 0.962, 0.953, 0.861, 
0,799 and 0.769, respectively.

The results of the analysis of 
the indicators related to corneal 
optical quality are presented in Table 3. 
Angle a (p = 0.001), posterior corneal 
surface astigmatism (p = 0.001), and 
the types of astigmatism on the 
anterior (p = 0.0211) surface of the 
cornea were significantly different 
between the groups.

The P-values in Tables 1, 2 and 3 
represented the statistical significance 
of differences between the three 
groups (SSDE, NSSDE, and normal 
controls) for each variable. These 
values indicated whether there were 
significant differences in ocular surface 
manifestations and corneal optical 
quality indicators among the groups.

Correlation of ocular surface 
m a n i fe s ta t i o n s  a n d  v i s u a l  
performance

Correlation analyses were performed 
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Table 1 Demographics, ocular characteristics, and rheumatologic indicators of included participants

Characteristics

Age, mean ± SE(years)
OSDI, mean ± SE
CDEQ, mean ± SE
Duration, mean ± SE(years)
ESSDAI, mean ± SE
IgM, mean ± SE
(Reference Range: 0.4–2.3 g/L)
IgA, mean ± SE
(Reference Range: 0.7-4 g/L)
IgG, mean ± SE
(Reference Range: 7-16 g/L)
GLB, mean ± SE
(Reference Range: 20-40 g/L)
ESR, mean ± SE
(Reference Range: < 20 mm/h)
CRP, mean ± SE
(Reference Range: < 8 mg/L)
RF, mean ± SE
(Reference Range: < 20U/L)   

SSDE(n = 27)

48.26 ± 1.88
17.023 ± 4.449
11.143 ± 1.368
2.616 ± 0.775
7.680 ± 1.532
1.136 ± 0.108

3.390 ± 0.363

16.304 ± 1.502

33.296 ± 1.824

35.870 ± 7.686

8.514 ± 5.001

17.217 ± 3.611

NSSDE(n = 9)

39.78 ± 4.42
3.085 ± 1.085
-
2.600 ± 1.076
8.143 ± 3.262
1.107 ± 0.330

2.723 ± 0.549

17.226 ± 3.351

33.314 ± 3.887

38.429 ± 13.652

7.591 ± 6.204

35.242 ± 21.592

NC(n = 23)

27.74 ± 1.55
5.173 ± 1.849
4.250 ± 1.016
-
-
-

-

-

-

-

-

-

P

0.001*
0.057
0.001
0.992
0.891
0.913

0.379

0.784

0.996

0.873

0.926

0.178

Abbreviations: SSDE Sjögren’s Syndrome dry eye, NSS Non-Sjögren’s Syndrome dry eye, NC normal controls, 
n number of participants, OSDI ocular surface disease index, CDEQ Chinese dry eye questionnaire, ESSDAI 
EULAR Sjögren's syndrome disease activity index. IgM Immunoglobulin M, IgA Immunoglobulin A, IgG 
Immunoglobulin G, GLB Globulin, ESR electron spin resonance, CRP C-reactive protein, RF Rheumatoid factor
Bold p-value represents < 0.05.* indicates that the data is the result of a Kruskal–Wallis tests
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Table 2 Ocular surface manifestations among three groups

Characteristics

BCVA(LogMAR), mean ± SE
IOP, mean ± SE(mmHg)
TMH, mean ± SE(mm)
Schirmer I test,
mean ± SE(mm/5 min)
OSS, mean ± SE
FNIBUT, mean ± SE(s)
MNIBUT, mean ± SE(s)
BCH, mean ± SE
Lipid layer color, NO. (%)
   Colorful
   Uncolorful
Lipid layer distribution, NO. (%)
   Even
   Uneven
Upper MGL, NO. (%)
   Normal
   Deficiency < 1/3
   1/3 < Deficiency < 2/3
   Deficiency > 2/3
Lower MGL, NO. (%)
   Normal
   Deficiency < 1/3
   1/3 < Deficiency < 2/3
   Deficiency > 2/3

SS
(n = 47 Eyes, 44.76%)

0.022 ± 0.022
14.489 ± 0.536
0.187 ± 0.010
4.617 ± 0.579

7.833 ± 0.729
5.580 ± 0.529
9.186 ± 0.844
1.000 ± 0.065

36(80.00)
9(20.00)

25(55.56)
20(44.44)

3(6.38)
23(48.94)
14(29.79)
7(14.89)

7(14.89)
24(51.06)
11(23.40)
5(10.64)

NSS
(n = 14 Eyes, 13.33%)

- 0.037 ± 0.012
14.241 ± 0.905
0.205 ± 0.022
5.357 ± 1.117

0.250 ± 0.163
10.455 ± 2.234
12.457 ± 2.089
0.900 ± 0.133

9(64.29)
5(35.71)

13(92.86)
1(7.14)

4(28.57)
6(42.86)
3(21.43)
1(7.14)

7(50.00)
5(35.71)
2(14.29)
0(0.00)

NC
(n = 44 Eyes,41.90%)

- 0.082 ± 0.011
14.687 ± 0.397
0.255 ± 0.026
21.455 ± 1.224

1.265 ± 0.261
12.620 ± 1.028
16.036 ± 0.890
0.780 ± 0.043

42(95.45)
2(4.55)

40(90.91)
4(9.09)

19(47.50)
18(45.00
1(2.50)
2(5.00)

30(71.43)
8(19.05)
1(2.38)
3(7.14)

P

0.001
0.907*
0.078
 < 0.001

0.001*
< 0.001
0.001*
0.088*
0.060

0.003

< 0.001

0.001

Abbreviations: SS Sjögren’s Syndrome, NSS Non-Sjögren’s Syndrome dry eye, NC Normal control, n number of eyes, BCVA 
best-corrected visual acuity, LogMAR logarithmic minimum angle of resolution, IOP intraocular pressure, OSDI ocular surface 
disease index, CDEQ Chinese dry eye questionnaire, TMH tear meniscus height, OSS Oxford Staining Score, FNIBUT first 
noninvasive tear break-up time, MNIBUT mean noninvasive tear break-up time, BCH bulbal conjunctival hyperemia, MGL 
meibomian gland loss
Bold p-value represents < 0.05. * indicates that the data is the result of a Kruskal–Wallis tests

Fig. 2

Receiver Operating Characteristic (ROC) and area under the curve (AUC) of statistically significant indicators to diagnose 
SS. OSS, Oxford Staining Score; CDEQ, Chinese Dry Eye Questionnaire; FNIBUT and MNIBUT, first and mean noninvasive 
tear break-up time



to assess the relationship between 
ocular surface manifestations and 
corneal optical quality indicators. 
Significant correlations identified 
in this step were further explored 
using multiple linear regression and 
multinomial logistic regression 
analyses to quantify the effect size 
and adjust for potential confounders 
(Table 4). Results confirmed a 
statistically robust association 
between Angle a and dry eye (DE) 
(Tau-b = 0.324, p < 0.001), while other 
parameters showed no significant 
correlations. We used multinomial 
linear regression analysis to 
investigate the relation ship between 
DE and Angle a. All ocular surface 

indicators demonstrating statistically 
significant differences were 
incorporated as confounding factors 
in the regression model construction 
to control for potential bias.

The groups of patients were 
not age-matched, so age and BCVA 
were treated as confounders in 
model 1. In Model 2, OSS, FNIBUT, 
MNIBUT, Schirmer I test, lipid layer 
distribution, and upper and lower 
MGL were also considered as 
confounders. The ß-values of these 
models and their 95% confidence 
intervals, as well as the p-values, 
are presented in Table 5. The results 
showed that DE had a correlation 
with angle a, and this correlation 

was more pronounced in patients 
with angle a = 0.3 (ß = 0.062, 95% 
CI: 0.016,0.108; P = 0.01) than in 
patients with angle a > 0.3 (ß = 0.048, 
95% CI: 0.034,0.941; P = 0.035). This 
linear correlation still remained in 
Model I, but was no longer 
statistically significant in Model 2.

DE is now a major social and personal 
economic burden in some developed 

22countries . According to epidemio-
logic surveys, it is more prevalent 
in Asia than in Europe and North 

23
America . Women are the majority 
of patients with this disease, and 

Discussion
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Table 3 Visual performance related indicators of included participants in three groups

Characteristics

tHOAs, mean ± SE
Coma, mean ± SE
Spherical Aberration, mean ± SE
Trefoil, mean ± SE
Angle α, mean ± SE
Angle κ, mean ± SE
MTF, mean ± SE
Corneal astigmatism
   Anterior surface of the cornea, mean ± SE
   Posterior surface of the cornea, mean ± SE
Types of astigmatism on the anterior surface of the cornea, NO. (%)
   Regular astigmatism
   Irregular astigmatism
   Oblique axis astigmatism
Types of astigmatism on the posterior surface of the cornea, NO. (%)
   Regular astigmatism
   Irregular astigmatism
   Oblique axis astigmatism

SS(47 eyes)

0.240 ± 0.064
0.107 ± 0.023
0.036 ± 0.023
0.132 ± 0.036
0.365 ± 0.019
0.361 ± 0.023
0.564 ± 0.019

0.806 ± 0.078
0.257 ± 0.020

32(68.09)
8(17.02)
7(14.89)

45(95.74)
1(2.13)
1(2.13)

NSS(14eyes)

0.165 ± 0.018
0.086 ± 0.015
0.026 ± 0.010
0.080 ± 0.129
0.384 ± 0.020
0.258 ± 0.034
0.593 ± 0.344

1.471 ± 0.268
0.486 ± 0.051

13(92.86)
1(7.14)
0(0.00)

13(92.86)
1(7.14)
0(0.00)

NC(44 eyes)

0.494 ± 0.064
0.260 ± 0.064
- 0.018 ± - 0.064
0.263 ± 0.064
0.237 ± 0.064
0.250 ± 0.064
0.544 ± 0.064

0.857 ± 0.065
0.330 ± 0.027

38(86.36)
0(0.00)
6(13.64)

44(100.00)
0(0.00)
0(0.00)

P

0.807*
0.280*
0.469*
0.799*
0.001*
0.820*
0.533*

0.099
0.001
0.021

0.329

Abbreviations: SS Sjögren’s Syndrome, NSS Non-Sjögren’s Syndrome dry eye, NC Normal control, n number of eyes, tHOAs total corneal high-order 
aberrations, MTF modulation transfer function
Bold P-value represents < 0.05. * indicates that the data is the result of a Kruskal–Wallis tests

Table 4 Correlation analysis between Statistically significant optical quality characteristics and dry eye

Characteristics

Angle α
PCSA
ACSAT

Tau-b

0.324
- 0.156
0.178

P

< 0.001
0.062
0.055

Abbreviations: DE dry eye, PCSA Posterior corneal surface astigmatism, ACSAT anterior corneal surface 
astigmatism type, Tau-b Kendall's tau-b rank correlation coefficient
Bold p-value represents < 0.05



the risk of the disease increases 
24

with age . In addition, female 
patients tend to be diagnosed at a 
younger age and have more severe 

25symptoms compared to men .
As an autoimmune disease that 

26
affects multiple organ systems , 
SS is also more predominant in 

27,28
females . Studies have shown that 
SS causes chronic inflammation of 
the exocrine glands, which results 
in tissue destruction and dryness. 
Consequently, SS patients experience 
a decrease in aqueous tear 
production or secretion and are at 
a greater risk of developing DE.

SSDE can affect the tear film and 
ocular surface. Previously, researchers 
have compared dry eye performance 
between SS patients and healthy 
individuals. Numerous clinical studies 
have demonstrated ocular surface 
changes in SS patients in some 
classical clinical indicators, including 
decreased tear production, decreased 
tear break-up times (TBUT), and 

29,30
hyperosmolarity of tears . A study 

31
by J. Shimazaki et al.  stated that 
the lower eyelids of SS patients 
exhibited more pronounced MGL 
than other patients. All of these 
findings are in accordance with 
our results. Previous studies have 
shown that an AUC of 0.7–0.8 
indicates that the indicator has 

32
acceptable discriminatory power . 
In this study, we have found that 
Schirmer I test, OSS, CDEQ, FNIBUT 
and MNIBUT all exhibited robust 
discriminatory capacity, which were 

beneficial to distinguish patients 
with SS.

Destruction of tear film and 
ocular surface can impair the corneal 
optical quality, which is the main 
cause of vision loss in patients with 
DE. In order to achieve clear vision, 
it is important to maintain the 
integrity and stability of the 

33,34
precorneal tear film . In patients 
with DE, optical aberrations 
resulting from decreased tear 
stability and increased tear film 
breakup may negatively affect the 
observed image objectively and 
psychologically. Our study illustrated 
that, indicators related to optical 
quality, such as angle a, showed 
statistical differences in SSDE patients 
compared to healthy controls. 
Astigmatism is a common symptom 

35
of DE . Furthermore, DE patients 
have higher tHOA as a consequence 
of the increased irregularities in 

36
their tear film . In the current study, 
the iTrace is the only ophthalmic 
instrument capable of measuring 
both the angles a and ?, enabling 
the assessment of visual quality in 
patients with DE disease. Post- 
operative follow-up results of 
some ophthalmic surgeries have 
shown that excessively large 
angles a can lead to deviation of 
the visual axis center, reducing the 

37,38patient's visual quality . Our 
findings highlight the significant 
impact of SSDE on corneal optical 
quality and ocular surface health. 
The identified correlations between 

ocular surface parameters and 
corneal optical quality suggest 
potential biomarkers for early 
intervention. This study demonst- 
rates that SSDE significantly impairs 
corneal optical quality and ocular 
surface health. Early detection and 
management of SSDE are crucial to 
preserving visual quality.

In the present study, some 
patients completed questionnaires. 
The ocular surface disease index 
questionnaire (OSDI) has been 
employed as a diagnostic and grading 
tool for DE in numerous studies 
39,40,41

. However, this indicator was 
not statistically different between 
the two groups, this may be due to 
the small number of participants 
who completed the OSDI survey in 
this study. The Chinese Dry Eye 
Questionnaire (CDEQ) is designed 
for the characteristics of the living 
and working environments of 
Chinese, which makes it more 
suitable for Chinese patients with 

42DE . Combined with our findings, 
this questionnaire may be more 
accurate than the OSDI in assessing 
the ocular surface of Chinese 
patients. Goal of this paper is to 
examine corneal surface symptoms 
and measurements in a Chinese 
SSDE group compared to non-SS 
DE patients and normal controls, 
and then to hopefully identify 
specific corneal surface symptoms 
and indicators that are more 
helpful in predicting optical quality. 
The strengths of our study are the 
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Table 5 Association between Angle α and dry eye in different models

Presence of dry eye

Angle α

≤0.3
> 0.3

Events(%)

43.81
56.19

Crude model

β(95%CI)                            

0.062(0.016,0.108)
0.048(0.034,0.941)                            

Model I

β(95%CI)

0.089(0.025,0.153)
0.068(0.006,0.129)                            

Model 2

β(95%CI)

0.149(0.025,0.272)
0.032(- 0.116,0.181)                        

P

0.010
0.035

P

0.008
0.031

P

0.021
0.653

Abbreviations: OR odds ratio, CI Confidence interval, OSS Oxford Staining Score, CDEQ Chinese dry eye questionnaire, FNIBUT first non-invasive tear 
break-up time, MNIBUT mean non-invasive tear break-up time, Upper MGL upper meibomian gland loss, Lower MGL Lower meibomian gland loss. 
Bold p-value represents < 0.05



inclusion of female patients with 
SSDE at a certain age and the wide 
variety of clinical indicators involved. 
These will greatly benefit patients 
with SS in terms of protecting their 
visual quality. This study identified 
significant correlations between 
ocular surface manifestations and 
corneal optical quality in Chinese 
female patients with SSDE. The 
findings highlight the importance of 
early detection and management 
of dry eye symptoms to preserve 
visual quality. Future research should 
explore the underlying mechanisms 
and potential therapeutic interven-
tions to improve outcomes for patients 
with SSDE.

In spite of this, there are some 
limitations to this study. First, some 
participants provided incomplete 
or omitted information, which 
may have affected study results. In 
addition, the imbalance in the 
number of participants included in 
each group may cause some bias in 
the results. Second, although we 
have adjusted for the indicators, we 
have not completely eliminated the 
effects of unmeasured confounders. 
Another issue is that the number of 
cases in the groups of participants 
we included, as well as their ages, 
were not matched. Last but not 
least, this was a cross-sectional 
study. There is still a need for 
prospective and experimental studies 
to determine the causal relationship 
between visual performance and 
clinical ocular surface performance 
in patients with SS.

In conclusion, this study underscores 
the substantial impact of Sjogren's 
syndrome dry eye (SSDE) on 
corneal optical quality and ocular 
surface health. Our findings 
highlight the critical importance of 
early detection and proactive 
management of SSDE in order to 
effectively preserve visual quality 

Conclusion

and mitigate potential long-term 
complications.

The datasets used and/or analyzed 
in this study are available upon request 
from the corresponding author.
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Persistence of hepatitis C virus in peripheral blood mononuclear 
cells of patients who achieved sustained virological response 
following treatment with direct-acting antivirals is associated with 
a distinct pre-existing immune exhaustion status

Sylwia Osuch, Marta Kazek, Paulina Emmel, Hanna Berak, Marek Radkowski & Kamila 
Cortés-Fendorf

Abstract

Hepatitis C virus (HCV) is a primary 
hepatotropic pathogen responsible 
for acute and chronic hepatitis C, 
however, it can also cause “occult” 
infection (OCI), defined as the 
presence of the virus’ genetic 
material in hepatocytes and/or 
peripheral blood cells, but not in 
plasma/serum. Assessment of the 
sustained virologic response (SVR) 
after treatment with direct-acting 
antivirals (DAA) is based exclusively 
on HCV-RNA testing in plasma/ 
serum, which may preclude the 
diagnosis of post-treatment OCI. 
Possible clinical consequences of 
OCI were described previously, but 
its occurrence after DAA-based 
antiviral treatment programs and 
determinants of the virus persistence 
are not fully elucidated. The aim of 
this study was to assess the incidence 
of post-treatment OCI after 
successful DAA-based treatment 
and to identify clinical and 
immunological factors associated 
with this phenomenon. In 97 
patients treated with DAA, HCV-
RNA was tested by RT-PCR in 
peripheral blood mononuclear 
cells (PBMC) at baseline (i.e., before 
the onset of treatment) and at the 
time of SVR assessment. Before 
treatment, HCV-RNA was detectable 
in all patients’ PBMC. All subjects 
responded to therapy according to 
the clinical criteria, but 9 (9.3%) 

patients revealed the HCV-RNA in 
PBMC at SVR. In most of these 
cases, post-DAA OCI was related to 
switch of the dominant infecting 
genotype. Post-treatment OCI was 
characterized by significantly lower 
pre-treatment HCV viral load and 
lower expression of Tim-3 (T-cell 
immunoglobulin and mucin domain - 
containing protein 3) on CD8+ T-
cells. Our results imply that post-
treatment OCI may be related to 
lower pretreatment viral load as well 
as distinct pre-existing immune 
exhaustion status.

Hepatitis C virus (HCV) is a cause of 
chronic hepatitis C (CHC), which 
may lead to liver cirrhosis and 
hepatocellular carcinoma (HCC). 
Although hepatocytes are the 
primary site of HCV infection, CHC 
is increasingly recognized as a 
systemic disease, associated with 
a wide spectrum of accompanying 

1,2
symptoms . Secondary tropism 
and extrahepatic replication have 
been demonstrated in PBMCs, 
macrophages, dendritic cells, 
bone marrow and central nervous 

3,4,5,6,7
system .

The “occult” HCV infection (OCI) 
is defined as the presence of the 
virus’ genetic material in hepatocytes 
and/or peripheral blood cells, and 

8 , 9not in plasma/serum . Viral 
replication usually occurs at a low 

Introduction

10
level , and the presence of anti-
HCV antibodies can be either 

8,9
positive or negative .

OCI is prevalently observed in 
patients in whom the infection has 
resolved in the acute phase (up to 
70% of cases) or who were treated 
with previous interferon-a-based 

8,11,12
therapies . Studies conducted 
on the general population revealed 
OCI in 3% of apparently healthy 
subjects and in 2% of blood 

13donors . OCI has been described 
as transient, recurrent, or long-
term and patients rarely manifest 
clinical symptoms and/or elevated 

14liver enzymes . Nevertheless, it 
may be also related to progressive 
inflammatory changes, liver fibrosis, 

15,16,17,18,19, and infection reactivation
20,21,22,23,24

. Although HCV from subjects 
with OCI was found to infect human 

10
lymphocytes from healthy donors , 
there is not enough evidence data 
to whether OCI is transmissible.

The best approach for OCI 
diagnosis is based on the use of 
sensitive molecular methods detecting 

10HCV RNA in liver tissue . However, 
because of its invasive character, 
PBMC testing has been also employed, 
because of a good concordance 
between detection of HCV-RNA in 
PBMC and liver tissue, reaching 

13,16,2570% .
Actual standard of CHC treatment 

is based on direct-acting antivirals 
(DAA) suppressing viral replication 
by inhibiting the activity of NS3 



protease, NS5A protein or NS5B 
21

polymerase . Treatment became 
shorter, less toxic and very 
effective, when compared to the 
previously used combination of 
interferon-a and ribavirin. Sustained 
virologic response (SVR), defined 
as a negative result of viral RNA 
testing in blood plasma/serum 12 
or 24 weeks after the end of 
treatment, is achieved in > 90% of 

26
patients . However, SVR is not 
always equal to the complete virus 
eradication and does not exclude 
the post-treatment OCI. Ongoing viral 
persistence following successful 
DAA treatment may lead to clinical 
progression of liver disease or 

22,27
relapse . Thus, it is of importance 
to implement surveillance of patients 
who achieved SVR, as well as to 
investigate post-DAA OCI – including 
its possible determinants, which 
may lay both in the mechanisms of 
cell infection and the specific immune 

16,28,29,30,31response of the host . Similarly, 
since the risk of HCC development 
persists despite achieving SVR, OCI 
has been proposed as a potential 
risk factor. However, current evidence 
remains inconclusive and a larger, 
longitudinal studies are required to 
definitively assess whether persistent 
OCI may lead to hepatocarcino 

32,33,34,35,36,37,38
genesis .

Immune exhaustion is an immune 
cell dysfunction characteristic of 
chronic infections and cancer, 
originating from prolonged and 
high-level antigen exposure as well 

39,40,41,42as inflammatory signals . It was 
observed in chronic viral infections, 
such as HCV, HIV, HBV, adenovirus, 

43,44,45,46,47
polyomavirus, HTLV-1  and 
affects both CD8+ and CD4+ T-cells, 
but was also observed in NK or B-

48,49
cells . In particular, CD8+ T cells 
undergo a progressive loss of 
effector functions, encompassing 
impaired proliferation and ability 
to secrete effector cytokines, loss of 
cytotoxicity, upregulated expression 
of inhibitory receptors (iRs) as well 

as dysregulated transcriptional 
program, contributing to impaired 

39,40,50viral control . Some key iRs are 
PD-1, Tim-3 and LAG-3. Progression 
of exhaustion is characterized by 
excessive, constitutive, simultaneous 
expression of multiple iRs as well 

52
as upregulation of IL-1051, . In 
addition to membrane-bound 
molecules, soluble iRs (eg., sPD-1, 
sTim-3, sLAG-3) are detectable in 
plasma, mainly as a result of enzymatic 
cleavage, cells breakdown or alter- 

53,54,55,56native splicing . Understanding 
the immunological landscape of 
exhaustion in patients with post-
DAA OCI is therefore of clinical 
relevance.

The aim of this study was to assess 
the incidence of post-treatment OCI 
after successful DAA treatment 
and to analyze possible clinical and 
immunological factors associated 
with this phenomenon.

The research material

PBMC isolated from the whole blood 
by density gradient centrifugation 
using the Lymphoprep reagent 
(Stemcell Technologies) of 97 CHC 
patients from the Warsaw Hospital 
for Infectious Diseases were collected 
on the day of treatment initiation 
and 24 weeks after completion of 
treatment with DAA, corresponding 
to the SVR24 assessment time point.

All subjects qualified for the 
study achieved SVR by HCV RNA 
testing using a PCR method of a 
sensitivity of 12 IU/mL (Abbott 
RealTime HCV Viral Load Assay). The 
following data were collected: age, 
sex, BMI, bilirubin levels, ALT activity, 
liver elastography (FibroScan), 
HCV genotype (Inno-LIPA HCV II, 
Innogenetics) and viral load before 
treatment (Abbott RealTime HCV 
Viral Load Assay). The characteristics 
of the study group are presented in 
Table 1.

Materials and methods

The study was conducted in 
compliance with the Declaration of 
Helsinki and was approved by the 
bioethics committee of the Medical 
University of Warsaw (approval 
number: AKBE/43/2022). Written 
informed consent was obtained from 
all patients prior to the study 
initiation.

Isolation of HCV RNA and degradation 
of contaminating DNA

RNA was isolated from PBMC samples 
containing 3 million cells by 
Chomczynski method using TRIzol 
reagent (Invitrogen) and resuspended 
in molecular biology grade water 
(Invitrogen). The DNA-free Kit 
(Ambion) was used in accordance 
with the manufacturer’s recommen-
dations to degrade any contaminating 
DNA.

Re ve rs e  t ra n s c r i p t i o n  a n d  
amplification of the HCV 5’ UTR 
fragment by polymerase chain 
reaction (PCR)

DNA-free RNA was reversely 
transcribed using a M-MLV reverse 
transcriptase (Invitrogen) according 
to the manufacturer’s recommenda- 
tions. A positive control template 
comprised synthetic 5’ UTR (5’ 
untranslated region) HCV RNA strands 
derived from a plasmid; negative 
control comprised a molecular biology 
grade water instead of a template.

A PCR reaction mixture was 
prepared using a forward (5'-
TGRTGCACGGTCTACGAGACCTC-3') 
and reverse (5'-RAYCACTCCCCTG 
TGAGGAAC-3') reaction primers and 
FastStart Taq Polymerase Kit (Roche). 
One µl of cDNA was used as a 
reaction template. The PCR reaction 
comprised one cycle of initial 
denaturation at 94 °C for 5 min; 50 
cycles, each consisting of denaturation 
for 1 min at 94 °C and primer 
annealing for 1 min at 58 °C, and one 
cycle of elongation for 7min at 72°C.
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Nested PCR and electrophoresis

The nested PCR was performed 
using forward (5'-ACTGTCTTCA 
CGCAGAAAGCGTC-3') and reverse 
(5'-CAAGCACCCTATCAGGCAGTAC 
C-3') primers. One µl of the PCR 
product was used as a reaction 
template. The PCR steps included: 
one cycle of initial denaturation at 
94 °C for 5 min; 30 cycles, each 
consisting of denaturation for 1 min 
at 94 °C and primer annealing for 
1 min at 58 °C, and final extension 
for 7 min at 72 °C. The PCR product 
(273 bp) was visualized by 2% 

agarose gel electrophoresis using 
the SYBR Safe DNA Gel Stain 
reagent (Invitrogen).

Based on the  prev ious  
amplification of serial dilutions of 
synthetic HCV RNA strands, derived 
from a plasmid with cloned HCV 5’ 
UTR transcribed with T7 polymerase, 
the analytical sensitivity of the 
employed method was estimated 
to be ~ 10 genomic equivalents of 

57,58
the template .

5’UTR amplicon sequencing

5' UTR amplicons obtained from 

post-treatment PBMC samples 
along with their respective pre-
treatment pairs were purified 
using Nucleospin PCR Clean-up and 
Gel Extraction Kit (Macherey– Nagel), 
quantified using the Qubit assay 
dsDNA HS kit (Thermo Fisher 
Scientific) and subjected to Sanger-
based sequencing on ABI Prism 
Genetic Analyzer to detect dominant 
genotype strains.

Next-generation sequencing (NGS) 
analysis

In cases in which a switch in the 

Table 1 Characteristics of the study participants.

Age [median (range)]                                                                                                       57 (25–88)

2BMI [kg/m ]                                                                                                                       26.1 (15.0–46.7)

Sex [F/M]                                                                                                                            61/36

Baseline bilirubin level [mg/dL] [median (range)]                                                      13.1 (5.3–46.6)

ALT [IU/L] [median (range)]                                                                                            61 (19–389)

5 3 7Baseline viral load [IU/mL] [median (range)]                                                              8.3 × 10  (6.2 × 10 –1.1 × 10 )

+CD4 per CD3  cells [%]                                                                                                     65.9 (26.2–90.1)

+CD8 per CD3  cells [%]                                                                                                     22.8 (6.9–57.1)

                                                    1a                                                                                    2

HCV genotype                           1b                                                                                   95

                                                    F0/1                                                                                56                                                                               

Liver fibrosis stage                   F2                                                                                    27

                                                    F3                                                                                    14

                                                     Harvoni (Ledipasvir + Sofosbuvir) (8/12 weeks)    69

Treatment scheme                   Viekirax + Exviera (Ombitasvir + Paritaprevir +
and duration                              Ritonavir + Dasabuvir) (8/12 weeks)                        21

                                                     Zepatier (Elbasvir + Grazoprevir) (12 weeks)          7

                                                     DAA                                                                                1

Previous unsuccessful 
treatment history                     interferon-α + ribavirin                                               23

Clinical Health Volume 21 July/August Issue, 2025                                             27



dominant genotype was detected 
in PBMC by Sanger-based sequen- 
cing, NGS of pre-treatment serum 
and PBMC samples was performed 
to search for minor variants of 
alternative genotype. In brief, 5'UTR 
amplicons were purified using the 
Nucleospin PCR Clean-up Kit 
(Macherey–Nagel) and quantified 
with the Qubit dsDNA HS Assay Kit 
(Thermo Fisher Scientific). Amplicon 
libraries were prepared according 
to Illumina standard protocols 
using indexing and sequenced on 
the Illumina MiSeq platform using 
2× 300 bp sequencing kit (Illumina). 
The NGS data in FASTQ format 
were subjected to demultiplexing, 
adapter trimming and low-quality 
read removal using fastp (version 
0.23.4). Sequence data quality 
control was then performed using 
FastQC (version 0.12.1). The 
summary quality control report 
was made using MultiQC (version 
1.21). Read mapping to the 
reference (GenBank: AJ242654) 
was performed using BWA-MEM 
(version 0.7.17). SAM files were 
obtained, which were then converted 
to BAM files and sorted using 
samtools (version 1.15.1). Integrative 
Genomic Viewer version 2.19.1 was 
used to visualize the sequencing 
data.

Assessment of exhaustion markers 
expression on CD4+ and CD8+ T-
cells by flow cytometry

Pre-treatment programmed death 
receptor-1 (PD-1) and T cell 
immunoglobulin and mucin domain-
containing protein 3 (Tim-3) 
expression on CD4+ and CD8+ T-
cells were assessed as described 

59previously . In brief, isolated 
PBMC, resuspended in PBS were 
stained with BD Horizon Fixable 
Viability Stain 780 (BD Biosciences) 
and mixed with FcR blocking 
reagent (Miltenyi Biotec) following 
the manufacturer’s protocol. Next, 

one million cells were resuspended 
in Stain Buffer (BD Pharmingen), 
mixed with 5 µl of BV421 Mouse 
Anti-Human Tim-3 (CD366) Clone 
7D3 (BD Horizon)), 5 µl of Alexa 
Fluor 647 Mouse Anti-Human PD-1 
(CD279) Clone EH12.1, 5 µl of 
PerCP-Cy 5.5 Mouse Anti-Human 
CD3 Clone UCHT1, (both from BD 
Pharmingen), 5 µl of V500 Mouse 
Anti Human CD4 Clone RPA-TY (BD 
Horizon) and 1 µl of Mouse Anti-
Human CD8 FITC Clone LT8 
(ProImmune). Cells with added 
antibodies were incubated for 
20 min at 4 °C, washed twice with 
PBS pH 7.2 (Life Technologies) and 
resuspended in 300 µL of Stain Buffer. 
The results were acquired immediately 
after staining by BD FACS Canto II 
Flow Cytometer (BD Biosciences), 
using BD FACS Diva version 6.0 
program (BD Biosciences). Controls 
included unstained cells and isotype 
controls (Mouse Anti-Human IgG1 
Alexa Fluor 647 and Mouse Anti-
Human IgG1 BV421 instead of Alexa 
Fluor 647 Mouse Anti-Human PD-
1 (CD279) and BV421 Mouse Anti-
Human Tim-3 (CD366), respectively 
(both from BD Pharmingen).

For data analysis, the initial 
gate was set on lymphocytes on the 
forward scatter (FSC) vs side scatter 
(SSC) dot plot. Subsequently, singlet 
cells gate was set on FSC-H versus 
FSC-A dot plot. Next, based on SSC 
vs APC-Cy7 dot plot, only live cells 
were gated. Additionally, the 
following gates were employed: 
Cd3+, CD4+, CD8+, PD-1+, Tim-3+ and 
PD-1+Tim-3+. The analysis was 
performed using BD FACS Diva version 
6.0 program (BD Biosciences).

Assessment of exhaustion markers 
plasma levels

IL-10, PD-1, Tim-3 and lymphocyte 
activation gene 3 (LAG-3) levels in 
plasma before and after treatment 
were assessed using Human IL-10 
(High Sensitivity), PD-1, TIM-3, 

LAG-3 ELISA Kits (all from Thermo 
Fisher Scientific).

Data and statistical analysis

Web based Basic Local Alignment 
Search Tool (BLAST) available at 
https://blast.ncbi.nlm.nih.gov/do
c/blast was used to search for 
nucleotide similarity of the 
sequenced 5’UTR reads against the 
core nucleotide database, choosing 
option of Hepacivirus hominis 
(taxid:3052230) to determine the 
viral genotype. Additionally, a 
maximum likelihood phylogenetic 
analysis based on Tamura-Nei model 
of the sequenced region was 
conducted using MEGA version 11 
against 1b, 3a, 4a, and 4d reference 
sequences (GenBank accession 
numbers: AJ242654, MN231293.1, 
DQ418782.1 and KP888621.1, 
respectively) to confirm evolutionary 

60relationship of genotypes .
Numerical data were graphically 

visualized using GraphPad program.
For the statistical analyses, 

Mann–Whitney, The Wilcoxon 
matched-pairs signed-ranks test 
and Fisher’s exact tests were used. 
Statistical analysis was performed 
using the GraphPad Prism program. 
All P-values were two-tailed and 
considered significant when < 0.05.

HCV RNA may persist in PBMC after 
successful DAA treatment

Before treatment, HCV RNA in PBMCs 
was detectable in all (97, 100%) 
patients, whereas after treatment, 
in 9 (9.3%) patients (i.e., # 5, 6, 14, 36, 
38, 47, 48, 52 and 82). Two patients 
(i.e., # 5 and 6) were treated with 
ombitasvir  + paritaprevir + ritonavir  
+ dasabuvir, six patients (i.e., # 14, 
36, 38, 47, 48, and 52) were treated 
with ledipasvir + sofosbuvir, and 
one patient (i.e., # 82) was treated 
with elbasvir + grazoprevir (Table 

Results

Clinical Health Volume 21 July/August Issue, 2025                                             28



T
a

b
le

 2
: 

C
li

n
ic

a
l 

a
n

d
 v

ir
o

lo
g

ic
a

l 
c
h

a
ra

c
te

ri
st

ic
s 

o
f 

p
a

ti
e

n
ts

 i
n

 w
h

o
m

 H
C

V
 R

N
A

 w
a

s 
d

e
te

c
te

d
 i

n
 P

B
M

C
 p

o
st

-D
A

A
 t

re
a

tm
e

n
t.

P
a

ti
e

n
t 

n
u

m
b

e
r

0
0

5

0
0

6

0
1

4

0
3

6

0
3

8

0
4

7

0
4

8

0
5

2

0
8

2

D
A

A
 

T
re

a
tm

e
n

t

O
m

b
it

a
sv

ir
 

+
 

P
a

ri
ta

p
re

v
ir

 
+

 R
it

o
n

a
v
ir

 
+

 
D

a
sa

b
u

v
ir

O
m

b
it

a
sv

ir
 

+
 

P
a

ri
ta

p
re

v
ir

 
+

 R
it

o
n

a
v
ir

 
+

 
D

a
sa

b
u

v
ir

L
e

d
ip

a
sv

ir
 

+
 

S
o

fo
sb

u
v
ir

L
e

d
ip

a
sv

ir
 

+
 

S
o

fo
sb

u
v
ir

L
e

d
ip

a
sv

ir
 

+
 

S
o

fo
sb

u
v
ir

L
e

d
ip

a
sv

ir
 

+
 

S
o

fo
sb

u
v
ir

L
e

d
ip

a
sv

ir
 

+
 

S
o

fo
sb

u
v
ir

L
e

d
ip

a
sv

ir
 

+
 

S
o

fo
sb

u
v
ir

E
lb

a
sv

ir
 +

 
G

ra
zo

p
re

v
ir

H
is

to
ry

 
o

f 
p

re
v
io

u
s 

C
H

C
 

th
e

ra
p

y
(w

h
ic

h
)

N
o

N
o

Y
e

s 
(I

F
N

)

N
o

N
o

N
o

N
o

N
o

Y
e

s 
(I

F
N

)

T
re

a
tm

e
n

t 
d

u
ra

ti
o

n
 

[w
e

e
k
s]

1
2

1
2

1
2

8 8 8 8 1
2

1
2

P
re

-
tr

e
a

tm
e

n
t 

d
o

m
in

a
n

t 
H

C
V

 
st

ra
in

 i
n

 
se

ru
m

1
b

1
b

1
b

1
b

1
b

1
b

1
b

1
b

1
b

P
re

-
tr

e
a

tm
e

n
t 

d
o

m
in

a
n

t 
H

C
V

 
g

e
n

o
ty

p
e

 
st

ra
in

 i
n

 
P

B
M

C

1
b

1
b

1
b

N
/A

N
/A

1
b

1
b

1
b

N
/A

A
g

e
 

(y
e

a
rs

)

3
8

4
0

5
2

8
1

7
3

7
9

4
3

6
1

5
8

S
e

x
 

[M
/F

]

F M M F F M F F M

B
M

I 
2

(k
g

/m
)

4
2

.1

3
7

.7

2
5

.8

2
5

.0

2
9

.6

2
3

.8

4
0

.0

2
5

.6

2
5

.6

L
iv

e
r 

fi
b

ro
si

s 
st

a
g

e

F
2

F
2

F
2

F
0

/1

F
0

/1

F
0

/1

F
0

/1

F
0

/1

F
0

/1

A
LT

 
[I

U
/L

]

5
3

3
3

1
1

5

7
9

2
9

3
4

5
3

2
5

5

6
3

H
C

V
 

R
N

A
 

[I
U

/m
L
]

6
1

,0
3

 ×
 1

0

5
7

,1
2

 ×
 1

0

5
2

,3
7

 ×
 1

0

5
1

,9
4

 ×
 1

0

4
1

,5
7

 ×
 1

0

5
5

,0
1

 ×
 1

0

5
1

,3
0

 ×
 1

0

3
6

,1
7

 ×
 1

0

4
1

,2
8

 ×
 1

0

P
o

st
-

tr
e

a
tm

e
n

t 
d

o
m

in
a

n
t 

H
C

V
 

g
e

n
o

ty
p

e
 

st
ra

in
 i

n
 

P
B

M
C

3
a

1
b

4
d

N
/A

N
/A

4
a

3
a

1
b

N
/A

M
in

o
r 

a
lt

e
rn

a
ti

v
e

 
g

e
n

o
ty

p
e

 s
tr

a
in

 
d

e
te

c
ti

o
n

 i
n

 
P

B
M

C
/s

e
ru

m
 

b
e

fo
re

 t
re

a
tm

e
n

t 
(f

re
q

u
e

n
c
y

 %
)

P
B

M
C

:0
.1

2
–

0
.3

8
%

, 
se

ru
m

:
0

.1
1

–
0

.2
6

%

N
/A

P
B

M
C

: 
0

.1
2

–
0

.7
5

%
, 

se
ru

m
: 

0
.1

5
–

0
.4

7
%

N
/A

N
/A

P
B

M
C

: 
0

.0
1

–
0

.1
8

%
, 

se
ru

m
: 

0
.1

8
–

0
.9

4
%

P
B

M
C

: 
0

.1
1

–
0

.1
7

%
, 

se
ru

m
: 

0
.1

2
–

0
.6

3
%

N
/A

N
/A

N
/A

, 
n

o
t 

a
v
a

il
a

b
le

/n
o

t 
a

p
p

li
c
a

b
le

Clinical Health Volume 21 July/August Issue, 2025                                             29



2). Two patients with detectable 
virus experienced previous non-
effective IFN-based treatment 
(Table 2). All these patients were 
diagnosed as infected with HCV 1b 
by routine INNO-LiPA HCV II 
testing of serum samples before 
treatment. In six out of nine HCV 
RNA-positive patients (i.e., #5, 6, 14, 
47, 48 and 52), the 5’UTR pre-and 
post-treatment nucleotide sequence 
pairs derived from PBMC were 
obta ined  by  Sanger -based  
sequencing (Table 2). The analysis 
revealed that the dominant PBMC 
sequences were distinct in 
patients # 5, 14, 47, 48 (i.e., 
differing by 4–18 point mutations), 
while in patient # 6 these were 
nearly identical (i.e., 2 point 
mutations), and in patient # 52— 
identical (i.e., no point mutations). 
The BLASTn and phylogenetic 
analysis showed that all pre-
treatment PBMC sequences were 
1b, concordant with the routine 
analysis in serum, whereas post-
treatment PBMC sequences 
switched to sequences 3a in 
patient 5 and 48, to 4d in patient 
14 and to 4a in patient 47, and 
remained 1b in patients 6 and 52 
(Table 2 and Supplementary Fig. 1). 
NGS analysis revealed that in all 
patients in whom a genotype switch 
was observed, the respective pre-
treatment PBMC and serum 
samples contained also a minor 
alternative genotype variants of low 
frequency carrying polymorphisms 
specific to this genotype (i.e., 
0.01–0.75% and 0.11–0.94%, 
respectively), Table 2

Sex, liver fibrosis and previous IFN 
treatment are not associated with 
post-treatment OCI

We did not find the significant 
difference in the distribution of 
sex, degree of liver fibrosis, the 
type and the fact of previous IFN 
treatment between patients with 

OCI and no OCI (Supplementary 
Table 1).

Patients with post-treatment OCI 
were characterized by a significantly 
lower pre-treatment viral load

Pre-treatment median age, BMI, 
bilirubin levels, ALT activity as well 
as percentage of CD4+ and CD8+ 
per CD3+ T-cells were not found to 
be significantly different in patients 
with OCI and no OCI (Fig. 1A–D,F,G, 
respectively and Supplementary 
Table 2). However, the median 
initial viral load was significantly 
lower in patients with OCI than in 
patients in whom no viral RNA was 

5 3detected (1.9 × 10  (6.2 × 10 –1.0  × 
6 5 4 7

10 ) vs 9.3 × 10  (1.4 × 10 –1.1 × 10 ) 
IU/mL, P = 0.002) (Fig. 1E)..

Patients with post-treatment OCI 
were characterized by a significantly 
lower pre-treatment Tim-3 
expression on CD8+ T-cells

The median pre-treatment plasma 
IL-10, sPD-1, sTim-3 and sLAG-3 
levels did not significantly differ 
between both groups of patients 
(Supplementary Table 2).

Although the median baseline 
percentages of PD-1 and PD-1 + 
 Tim-3 expressing CD4+ and CD8+ 
T-cells did not significantly differ 
between the groups (Fig. 2A,C, 
respectively), we found that patients 
with OCI were characterized by 
significantly lower pre-treatment 
Tim-3 expression on CD8+ T-cells 
(7.8 (5.0–24.9) vs. 15.7 (4.3–46.7), 
P = 0.0164, Fig. 3B).

Patients with post-treatment OCI 
did not experience a decrease in 
exhaustion markers levels

A significant decrease in plasma IL-
10 level was observed in patients 
who eradicated the virus from 
PBMC (from 0.68 (0.02–1.94) to 0.32 
(0.00–5.09) pg/mL, P < 0.0001), unlike 

in patients in whom the virus 
persisted (from 0.65 (0.00–3.99 to 
0.42 (0.00–1.56) pg/mL, NS) (Fig. 3A). 
A similar pattern was observed for 
sPD-1 (a significant decrease in a 
former group from 35.0 (8.4–162.6) 
to 27.3 (2.4–103.2) pg/mL, P < 0.0001, 
no significant decrease in the latter 
group—from 25.8 (17.6–47.9) to 
17.4 (6.6–36.7) pg/mL, NS) (Fig. 2B). 
The same was observed for sTim-3 
(reduction from 1985.3 (120.8– 
5746.8) to 1744.9 (235.7–6195.1) 
pg/mL, P < 0.0001 vs from 1860.0 
(1064.1–2919.3) to 1526.2 (1117.2 – 
3035.1) pg/mL, NS, respectively) 
(Fig. 2C) and sLAG-3 (reduction from 
898.3 (276.9–9962.0) to (615.8 
(163.8–11,156.0) pg/mL, P < 0.0001 vs 
from 510.5 (244.3–2503.0) to 
425.2 (181.1–1300.0) pg/mL, NS, 
respectively (Fig. 2D).

There were no significant 
differences in post-treatment IL-10, 
sPD-1, sTim-3 and sLAG-3 between 
non-OCI and OCI groups.

The primary aim of the presented 
study was to investigate the 
prevalence of OCI in patients after 
successful DAA treatment. We 
detected HCV-RNA in PBMC by 
ultrasensitive RT-PCR in all patients 
prior to treatment and in a 
relatively high percentage (i.e., 9.3%) 
of patients after the treatment. 
Other available DAA-based studies 
showed a similar scale of post-
treatment OCI, ranging from 3.9 to 

16,31,61
15% . Interestingly, one of 
these studies reported the highest 
rate of OCI among patients after 
DAA treatment (15%) when compared 
to 10% after treatment with 
interferon and ribavirin, and 6.7% 

16
after spontaneous HCV clearance .

To disclose the putative 
mechanism behind HCV persistence 
in PBMC, we sequenced the 5’UTR 
HCV-RNA fragment in patients in 
whom the virus was detected after 

Discussion
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Fig. 1

Baseline age (A), BMI (B), initial bilirubin levels (C), ALT activity (D), viral load (E), percentage 
of CD4+ (F) and CD8+ (G) T-cells in patients with undetectable (NO OCI) and detectable (OCI) 
HCV-RNA in PBMC after DAA treatment. Each point represents a single result, whiskers 
represent range, horizontal lines represent the median. P-value representing statistically 
significant difference in pairwise comparisons is indicated above the line.

Fig. 2

Flow cytometry analysis of percentages of CD4+ and CD8+ T-cells per total T-cells 
(i.e., CD3+) with membrane expression of PD-1 (A), Tim-3 (B) and PD-1 + Tim-3 (C) 
in patients with undetectable (NO OCI) and detectable (OCI) HCV-RNA in PBMC after 
DAA treatment. Each point represents a single result, whiskers represent range, 
horizontal lines represent the median. P-value representing statistically significant 
difference in pairwise comparisons is indicated above the line.

treatment along with the pre-
treatment samples. The analysis 
revealed that the dominant PBMC 
post-treatment sequences were 
distinct in majority (66.7%) of 
patients and included a genotype 
change from 1b to 3a or 4a/d, with 
concomitant detection of minor 
alternative genotype strain, both 
in pre-treatment serum and 
PBMC. These findings suggest that 
post-DAA OCI in these patients 
was a result of pre-existing mixed 
genotype infection and not a re-
infection with the alternative 
genotype. The treatment in these 
patients was oriented to genotype 
1 with adjusted doses, scheme and 
durat ion according to  the 
recommendations and routine 
serum genotyping. Thus, it has 

most likely resulted in elimination 
of the dominant and susceptible 
genotype 1 strain and selection of 
alternative genotype strain to 
which the treatment could have 
been suboptimal. Indeed, the mixed 
infecting genotype may be unequally 
responsive to the same DAA drugs 

62combination .
Since the determinants of post-

DAA OCI are poorly characterized, 
we analyzed the role of clinical 
parameters which could have 
predisposed to this condition, 
including age, sex, BMI, initial 
bilirubin concentration, ALT activity, 
viral load, liver fibrosis, the fact of 
previous HCV-oriented therapy 
and the therapeutic regimen. To 
reflect the possible immunological 
factors, we also investigated Cd4/ 

CD8 T-cell percentage as well as the 
levels of some immunoregulatory 
molecules expression on T-cells 
(PD-1 and Tim-3 iRs) and in plasma 
(IL-10, sPD-1, sLAG-3 and sTim-3). 
We found that patients with post-
treatment OCI presented significantly 
lower initial median viral titer than 
the remaining subjects, indicating 
the predictive potential of baseline 
viral load testing. Our previous 
studies showed that lymphotropic 
variants displayed structural and 
genomic differences within an 
internal ribosome entry site (IRES) 
present within the 5’UTR, essential 
for translation of the viral polyprotein 
63,64

. Such specialization of the 
lymphotropic quasispecies was at 
cost of a lower translational 
efficiency, possibly reflecting 
adaptation to the alternative cell 
types as a virus strategy of immune 

65,66
evasion .

Interestingly, our study showed 
a distinct pre-treatment immuno- 
regulatory profile (i.e., lower 
percentages of CD8+ T-cells 
expressing Tim-3) related to the 
occurrence of post-DAA OCI. Given 
the fact that Tim-3 expression 
characterizes terminally exhausted 
cells, in contrast to PD-1, which is 
related to T-cell activation and 

67
initial stages of exhaustion , this 
suggests lower exhaustion. This 
could be due to observed in OCI 
patients lower viral load, and 
consequently, lower degree of 
antigenic stimulation known to be 
the driving force of exhaustion and 

67Tim-3 expression . Similar studies 
provided congruent findings on 
pre-existing immunoregulatory 
profile predisposing to HCV 
persistence after DAA, including the 

19
unfavorable (TT) IL28B genotype  
as well as significant elevation of 
neutrocyte-to-lymphocyte ratio, 

30
indicative of systemic inflammation .

Importantly, patients who 
eradicated the virus from PBMC 
experienced a significant decrease 
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Fig. 3

Baseline and post-treatment levels of IL-10 (A) sPD-1 (B), sTim-3 (C) and sLAG-3 (D) 
in plasma in patients with undetectable (NO OCI) and detectable (OCI) HCV-RNA in 
PBMC after DAA treatment. Each point represents a single result, whiskers represent 
range, horizontal lines represent the median. P-value representing statistically 
significant difference in pairwise comparisons is indicated above the line. Pre-TX, 
before treatment, Post-TX, post-treatment.

in levels of immunoregulatory IL-
10, sPD-1, sLAG-3, sTim-3, not 
observed in patients in whom the 
virus persisted. However, there 
were no significant differences in 
pre- and post-treatment levels of 
these markers between non-OCI 
and OCI groups. Thus, the level of 
s ign i f icance may be  more 
attributable to sample size than to 
actual biological differences and 
these results should be interpreted 
with caution as exploratory and 
rather hypothesis-generating.

The presented study did not 
demonstrate the role of the type 
of therapeutic regimen on the 
occurrence of OCI, which is 

61congruent with a previous study . 
Similarly, we also did not find the 
effect of other factors such as sex, 
age, BMI, fibrosis stage, bilirubin, 
ALT levels, or previous IFN-based 
treatment on the occurrence of 
post-treatment OCI. This again 

points to the importance of immuno-
virological characteristics predisposing 
to this condition.

This study has limitations, 
since it does not involve further 
sequential follow-up to verify the 
dynamics of OCI. Unfortunately, 
patients are lost to follow-up from 
the Outpatient Clinic after SVR 
verification. Thus, we could not study 
the potential risk of future viral 
reactivation from PBMC reservoirs. 
Nevertheless, a relapse in OCI patients 

16,22
have been previously documented . 
The lack of simultaneous HCV-RNA 
assessment in liver tissue may be 
also considered as a shortcoming, 
however, performing liver biopsy 
is ethically unjustified in such a 
study design and, as stated above, 
there is overall a good concordance 
between detection of HCV RNA 
between these two compartments 
25

. While we detected post-DAA 
HCV sequences in PBMC, we could 

not assess whether they represent 
a replication-competent virus. 
Thus, the clinical significance of 
such findings requires cautious 
interpretation. Despite best efforts, 
due to the low HCV RNA titers in 
PBMCs, full-genome sequencing 
was technically unfeasible, and we 
could not provide these data. Thus, 
the genotype determination was 
based on 5’UTR analysis of which 
detection is conducted with the 
highest sensitivity. While it fails to 
correctly identify HCV subtypes 1a 
and 1b, it is variable enough for 
discrimination of HCV genotypes 1 
to 5, which was sufficient for the 

68
purpose of the study . Furthermore, 
we acknowledge that PCR may 
preferentially amplify certain viral 
variants and thus might have 
generated bias in their proportions, 
which could have an impact on our 
interpretation of data.

Finally, our findings rely on 
small number of observations of 
patients with post-treatment OCI, 
which may not reflect the real 
biological effect in vivo.

To conclude, our study showed 
a high rate of OCI (9.3%) in 
successfully DAA-treated patients 
according to the clinical criteria, 
which should instigate not only 
serum but also routine PBMC 
testing when assessing treatment 
outcome, as well as suggests the 
need of longer surveillance of these 
patients. In most cases, post-DAA 
OCI was related to switch of the 
dominant infecting genotype. 
Patients with post-treatment OCI 
displayed significantly lower 
pretreatment viral load and distinct 
pre-existing immune exhaustion 
status—a lower expression of Tim-
3 on CD8+ T-cells.

Pre- and post- treatment nucleotide 
sequence pairs derived from PBMC 
obtained by Sanger-based sequencing 

Data availability
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are available from Zenodo public 
repository (https://doi.org/10. 
5281/zenodo.15038917). Next-
generation sequencing data of 
pre-treatment serum and PBMC 
samples performed on Illumina 
Mi-Seq are available from Zenodo 
repository (https://doi.org/10. 
5281/zenodo.15032240).
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CT texture features of lung adenocarcinoma with HER2 mutation

Wufei Chen, Pan Gao, Fang Lu, Ernuo Wang, Haiquan Liu & Ming Li

Abstract

Background

Mutations in human receptor 
tyrosine kinase epidermal growth 
factor receptor-2 (HER2) are rare. 
This study aimed to investigate the 
clinical characteristics and computed 
tomography (CT) texture features 
of lung adenocarcinoma (LUAD) 
patients with HER2 mutation.

Methods

This study included 933 LUAD 
patients from January 2018 to 
December 2023 and classified 
their CT textures accordingly.

Results

The data indicated that the 
incidence of HER2 mutation was 
higher in younger LUAD patients than 
in elder patients [7.5% (31/413) vs. 
1.5% (8/520), p < 0.0001] and was 
associated with never-smokers [0% 
(0/78) vs. 4.6% (39/855), p = 0.03]. 
In this study, the tumors were 
categorized based on their diameter 

into T1a and ≥T1b. The data revealed 
that HER2 mutation was more 

frequent in T1a than in ≥T1b [11.0% 
(23/210) vs. 2.2% (16/723), 
p < 0.0001]. Furthermore, non-pSD 
was more common than pSD in 
LUAD with HER2 mutation than in 
LUAD with HER2 wild type [82.1% 
(31/39) vs.17.9% (7/39), p = 0.01]. 
Moreover, the size of pGGO (0.94  
±  0.29 cm vs. 1.24 ± 0.39 cm, 
p = 0.0009), mGGO (0.86 ± 0.39 cm 
vs. 1.5 ± 0.77 cm, p < 0.0001) and 
pSD (1.75 ± 0.81 cm vs. 2.5 ± 1.4 cm, 

p < 0.05) in LUAD patients with 
HER2 mutation was smaller than 
those with HER2 wild type patients. 
In addition, when LUADs with HER2 
wild type transformed from pGGO 
to mGGO, their sizes increased 
significantly (1.50 ± 0.77 cm vs. 1.24 ± 
 0.39 cm). It was also observed that 
the incidence of LUAD with HER2 

mutation of ≤1 cm was significantly 
more than that of > 1 cm comparing 
to that in LUAD with HER2 wild type 
[14.8% (12/81) vs. 1.7% (3/173), p  
< 0.0001].

Conclusion

This study indicated that the incidence 
of HER2 mutation was higher in 
younger and never-smoking LUAD 
patients. Furthermore, the growth 
of LUAD with HER2 mutation was 
slower than that of those with 
HER2 wild type. Moreover, most 
LUAD with HER2 mutation changed 
into pSD after > 1 cm.

Lung cancer is a leading cause of 
cancer-related death globally. World 
Health Organization estimated 
that in 2020, lung cancer caused 
1.76 million deaths, accounting for 
approximately 19% of the total 

1,2cancer-related deaths . Non-small 
cell lung cancer (NSCLC) comprises 
80 to 85% of all lung cancers, and 
40% of these are adenocarcinoma 

3
histologically .In 2004, it was 
identified that epidermal growth 
factor receptor gene (EGFR) 
mutation was associated with lung 
adenocarcinomas (LUAD) patients 
4,5, and advancements in genomic 

Introduction

sequencing and targeted therapy 
have further sub-classified LUAD 
based on the driver oncogenes.

Human epidermal growth factor 
2 (HER2, also known as ERBB2, 
NEU, or EGFR2) is a member of the 
ERBB family of receptor tyrosine 
kinases. It is encoded by the ERBB2 
gene, which is an important driver 
oncogene for lung cancer. ERBB2 
gene is located on the long arm of 
chromosome 17 (17 q21) and has 
been observed to activate the 
downstream signaling pathways, 
such as PI3K-AKT and MEK-EPK, 
which causes cell proliferation and 

6,7
migration . Several studies have 
indicated that HER2 mutations in 
exon 20 cause constitutive activation 
of downstream signaling and 
promote the development of lung 

8tumors in mouse models . Moreover, 
proteins encoded by the HER2 gene 
are a tyrosine kinase receptor of 
the ErbB family. In addition, it has 
been observed that HER2 has no 
direct activating ligand and serves 
as the preferred and most stable 
hetero-dimerization partner for all 
the other family receptors, especially 

9EGFR . The most economical and 
effective non-invasive technique to 
diagnose lung cancer is Computed 

10
tomography (CT) scan . Furthermore, 
it is significant and interesting to 
understand the imaging features of 
some special lung cancers and is 
potentially useful for guiding lung 
cancer therapy.

Radiogenomics is a field that 
investigates the radiological 
appearance of tumors as well as the 
genomic alterations, such as driver 

11oncogenes . However, studies on 
the imaging features of LUAD with 
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HER2 mutation are limited. There- 
fore, this study aimed to assess the 
clinical characteristics and CT 
texture features of LUAD patients 
with HER2 mutation.

Patients

This study followed the Declaration 
of Helsinki and was authorized by 
the Ethics Review Board of Huadong 
Hospital, affiliated with Fudan 
University (approval number 2023 
0108). Because of its retrospective 
nature, the requirement of patient 
informed consent was waived for this 
study. A total of 933 histologically 
confirmed LUAD patients with primary 
lung cancer from January 2018 to 
December 2023 were included in 
this study. All tissue specimens were 
obtained surgically and no pre-
operative treatments were given. 
Patients were selected consecutively. 
The inclusion criteria included 
patients who (a) were pathologically 
diagnosed with LUAD, (b) had HER2 
mutation test reports, and (c) had 
clinical data, including age, sex, and 
smoking history. All 933 patients 
met the inclusion criteria, and of 
these, only 818 patients had 
preoperative CT scans, which were 
used to evaluate the CT features of 
the lesion.

Computed tomographic assessment

For preoperative chest CT scans 
three scanners including GE Discovery 
CT750 HD, 64-slice Light Speed 
VCT (GE Medical Systems), and 
Somatom Definition Flash were 
employed. The scanning parameters 
were: 120 kVp, 100–200 mAs, 
0.75–1.5 pitch range, and 1–1.25 
mm collimation widths. Furthermore, 
for all the imaging data, a medium 
sharp reconstruction algorithm 
was used, which provided 1–1.25 
mm thick images.

Methods

Interpretation of computed 
tomographic images

The CT images were reviewed by 2 
radiologists with 10 to 12 years of 
experience in chest CT diagnosis 
independently. The radiologists were 
not blinded to surgical resection of 
LUAD patients; however, they were 
blinded to clinical data as well as 
gene expression and mutational 
status. For CT image analysis, both 
mediastinal (width = 350 HU; 
level = 40 HU) and lung (width = 1500 
HU; level = -650 HU) window settings 
were employed. Moreover, lesion 
location, size, and texture were 
retrospectively analyzed. In addition, 
the lesions’ long-axis diameter at 
its largest section was also measured. 
Furthermore, lesions with ground-
glass opacities were categorized as 
pure GGO (pGGO), those with 1% < 
GGO < 100% were classified as mixed 
GGO (mGGO), while those lacking 
any GGO were deemed pure solid 
LUADs (pSD). For statistical analysis, 
pGGO and mGGO categories were 
combined as non-pSD. In the case 
of multiple lesions on images, the 
largest lesion was selected for the 
observation.

Statistical analysis

SAS version 9.4 (SAS Institute Inc., 
Cary, NC) was employed for all the 
statistical analyses. The distribution 
differences in categorical variables 
were assessed via the chi-square 

2(? ) test, whereas an independent 
t-test was performed to assess 
differences in continuous variables. 
The p-value < 0.05 was deemed 
statistically significant.

Patient demographics characteristics

This study included a total of 933 
LUAD patients aged between 18 
and 86 years (average age = 61.8 

Results

years) including 393 females and 
540 males. Of these 933 patients, 
39 (4.2%) had HER2 mutation and 
78 patients had a history of smoking.

Correlation of HER2 status and 
clinical factors

Statistical analysis (Table 1) indicated 
that the incidence of HER2 mutation 
was higher in younger LUAD patients 
than in elder patients [7.5% (31/ 
413) vs. 1.5% (8/520), p < 0.0001]. 
Furthermore, correlation analysis 
between HER2 and smoking revealed 
that HER2 mutation was negatively 
associated with smoking in the 
whole cohort [0% (0/78) vs. 4.6% 
(39/855), p = 0.03].

Based on their diameter, the 

tumors were categorized into ≤1 cm 
and > 1 cm. The results indicated 
that HER2 mutation was more 
frequent in small tumors than in 
larger ones [11.0% (23/210) vs. 
2.2% (16/723), p < 0.0001]. Lymph 
node metastasis and HER2 mutations 
were correlated. The tumor was also 
categorized into histopathological 
subtypes with or without some 
components and there was statistically 
no correlation between HER2 
mutation and histopathological 
subtypes.

Computed tomographic texture of 
HER2 mutation and wild-type LUAD 
patients

Of the 933 patients, 818 patients 
had CT scan data, and 38 were 
positive for HER2 mutation. Of these 
818 patients with CT scans, 754 had 
single lesions, while 64 had multiple 
lesions. The data showed that non-
pSD was more common than pSD 
in LUAD with HER2 mutation than 
in LUAD with HER2 wild type [82.1% 
(31/39) vs.17.9% (7/39), p = 0.01] 
(Table 2).

Comparison between LUADs of 
pGGO and mGGO in HER2 mutation 

Clinical Health Volume 21 July/August Issue, 2025                                             37



and wild-type LUAD patients

The CT data from three textures 
indicated that the size of pGGO 
(0.94 ± 0.29 cm vs. 1.24 ± 0.39 cm, 
p = 0.0009), mGGO (0.86 ± 0.39 cm 
vs. 1.5 ± 0.77 cm, p < 0.0001) and 
pSD (1.75 ± 0.81 cm vs. 2.5 ± 1.4 
cm, p < 0.05) in LUAD patients with 
HER2 mutation was smaller than 
those with HER2 wild type patients. 
There was no size difference for 
HER2 mutation lesions between 
pGGO and mGGO. However, in LUAD 
with HER2 wild-type patients, mGGO 
lesions were significantly larger than 
pGGO (1.50 ± 0.77 cm vs. 1.24 ± 
0.39 cm) (Table 3).

Furthermore, LUAD lesions were 

categorized into ≤1 cm and > 1 cm, 

and the frequency of ≤1 cm LUAD 
lesions with HER2 mutation was 
significantly more than that of > 1 
cm compared to HER2 wild type 
[14.8% (12/81) vs. 1.7% (3/173), 
p < 0.0001] (Table 4).

The literature has estimated that 
the incidence of HER2 mutations is 
2–6.7% in NSCLC adenocarcinomas 
12,13,14,15,16,17, which is consistent with 
this study (4.2%). The association of 
HER2 mutation with smoking remains 
controversial. Some studies have 
suggested that HER2 mutation 
does not correlate with smoking 
15,18,19. However, most studies have 

Discussion

Table 3 Comparison between LUADs of different CT textures for HER2 mutation and  wild-type

HER2 mutation                                                 HER2 wild type                                                  p-value

Number     Average ± SD (min, max), cm     Number      Average ± SD (min, max), cm

pGGO           17                0.94 ± 0.29 (0.55, 1.54)               237             1.24 ± 0.39 (0.40, 3.0)                  0.0009
mGGO          15               0.86 ± 0.39 (0.50, 1.91)                239             1.5 ± 0.77 (0.5, 4.4)                       < 0.0001
pSD               7                 1.75 ± 0.81 (0.56, 3.05)                                    2.5 ± 1.4 (0.45, 9.8)                       < 0.05
p-value                             0.5*                                                                    *< 0.0001

Note: pGGO = LUADs of pure ground-glass opacity, mGGO = LUADs of mixed ground-glass opacity, pSD = LUAD 
of pure solid. SD = standard deviation. *pGGO vs. mGGO

Table 1 Correlation between clinical features and HER2 status

HER2 mutation             HER2 wild                P value

Sex                                                                                                                           0.5
Male                                              13                                    380
Female                                          26                                    514
Age                                                                                                                          < 0.0001

≤60                                               31                                    382
> 60                                               8                                      512
Smoking                                                                                                                  0.03*
Yes                                                 0                                      78
No                                                  39                                    816
Tumor stage                                                                                                           < 0.0001
T1a                                                 23**                               187

≥T1b                                             16                                    707
N status
N (-)                                               39                                    870                           0.24*
N (+)                                              0                                      24
Pathological subtypes
With lepidic                                  5                                     131                            0.75
Without lepidic                           34                                    763
With acinar                                  6                                      251                           0.08
Without acinar                            33                                    643
With papillary                              4                                      93                             0.98
Without papillary                        35                                   801
With micropapillary                    2                                     126                            0.11#
Without micropapillary             37                                    768
With solid                                     1                                      55                             0.56#
Without solid                               38                                   839                        

 

 

Note…*Fisher’s exact test of probabilities, #continuity adjustment.** The number of pSD LUAD was 1.

Table 2 Comparison of the frequency of HER2 mutation and wild type in LUAD of pSD 
and non-pSD

CT texture                                      HER2 mutation             HER2 wild type       P value

Non-pSD                                        32 (82.1%)                     476 (61.0%)
pSD                                                7 (17.9%)                        304 (59.0%)            0.01

Note: Non-pSD = pGGO (pure ground glass opacity LUADs) + mGGO (mixed ground 
glass opacity LUADs), pSD = pure solid LUAD,
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indicated that HER2 mutation is 
16, 

more common in non-smokers 
20,21,22

, such as a study of 666 HER2 
18mutations in 13,920 patients . In 

this study, the incidence of smokers 
was 8.4%, which was significantly 
lower than 55.8% of that reported 

16
by H. Shigematsu et al.  in the 
Asian group. This discriment might 
be because in their study the HER2 
mutation was only 2.4%. Our study 
revealed that HER2 mutation was 
associated with non-smokers and 
was statistically significant, which 
was consistent with most studies.

Several studies correlate HER2 
mutation with younger age 

19–21
patients . However, this is still 
controversial as some studies 
suggest that HER2 mutations are 

14,22not correlated with age . 
Furthermore, some literature 
suggests that HER2 mutations are 
associated with the female gender 
16,23–26 15,19,22, 27

, while some deny it . 
This study showed that HER2 
mutation was more common in 
younger patients and women than 
in older individuals and men; 
however, there was no statistical 
difference, which might be because 
of the small sample size and 
warrants further research with a 
large sample si

This study indicated that LUAD 
with HER2 mutation was more 
frequent in tumors with T1a cm than 

that ≥T1b, this was consistent with 
the data from the previous study. 

18
R. Zhao et al.  found LUAD with 
HER2 mutation more common in 
early LUAD and inversely proportional 

to the degree of invasion. However, 
they found LUAD with HER2 
mutation frequently correlated lepidic 
components, which is inconsistent 
with the present study. Here, 
correlation was observed between 
HER2 mutation and histopathological 
subtypes. However, further 
experimental studies are required 
to validate these findings.

Previous studies on CT imaging 
features in LUAD with HER2 mutation 
were scarce because HER2 mutations 
are rare in lung cancer. Here, a larger 
sample of LUAD CT characteristics 
was analyzed, which indicated that 
non-PSD was more common than 
pSD in HER2 mutation LUAD patients.

The genomic landscape analysis 
of 37 patients with ground glass 
opacities (GGOs) revealed that ERB2 
had a higher mutation frequently, 

28accounting for 8% . Another study 
showed that LUAD GGO tumors 
had higher HER2 mutation incidence 
24, partially consistent with this 

30
study. X. Liu et al.  showed that 
LUAD with HER2 mutation was more 
frequently classified as cluster 4 
lesion (small GGO lesions with a 
maximum diameter of 1.0 ± 0.9 cm). 
Here, the average sizes of HER2 
mutation carrying LUAD pGGO and 
mGGO were 0.94 ± 0.29 cm and 0 
0.86 ± 0.39 cm, respectively, which 
are in line with the results of X. Liu 

29
et al. .

The theory of progressive 
radiologic evolution from non-solid 
LUADs to part-solid and forming 

30, most solid LUADs is well known 
31

. Studies have shown that a GGO 

LUAD initially increases in size, 
followed by the appearance and 
subsequent enlargement of a solid 

32
portion within the lesion . Further- 
more, it has been observed that 
lesions that transition from pGGO 
to mGGO or from mGGO to solid 

33,34,35
have a rapid increase in size . 
Here, it was observed that the size 
of pGGO or mGGO in the HER2 
wild-type LUAD was significantly 
larger than those with HER2 mutation 
LUAD. Moreover, when the LUADs 
transformed from pGGO into mGGO, 
the sizes of LUADs with HER2 wild 
type increased significantly, but 
that with HER2 mutation did not 
change significantly. In addition, for 
mGGO lesions with HER2 mutation, 

the frequency of ≤1 cm was more 
than that of > 1 cm compared to 
HER2 wild type. This suggested that 
most LUADs with HER2 mutation 
changed into pSD after 1 cm.

Overall, this study indicated 
that LUAD with HER2 mutation was 
smaller in size than LUAD with HER2 
wild type for GGO-LUAD, mGGO-
LUAD, or pSD-LUAD, respectively. 
Therefore, it can be inferred that 
LUAD with HER2 mutation had a 
slower growth speed than their 
counterpart. Furthermore, as LUAD 
with HER2 mutation transformed 
into mGGO, the size did not increase 
as observed in LUADs with HER2 
wild type. This study will provide a 
reference for future research on 
this question.

This study has certain limitations. 
First, the study sample was small; 
therefore, l, the details of HER 
mutation tumor stratification could 
not be analyzed. Second, the analysis 
was limited to adenocarcinoma, 
and other histologic subtypes were 
not addressed. However, the 
majority of HER2 mutations are 
found in adenocarcinoma. Third, no 
survival data were collected in this 

Limitations

                                  HER2 mutation                    HER2 wild type                 P value

Table 4 The frequency of mGGO LUADs and pSD LUAND in different sizes correlating 
HER2 mutation and wild-type

mGGO

≤1 cm                       12 (14.8%)                           69 (85.2%)
> 1 cm                       3 (1.7%)                               170 (98.3%)                        < 0.0001

Note: pGGO = pure ground glass opacity LUADs, mGGO = mixed ground glass opacity 
LUADs, pSD = pure solid LUADs.
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study; therefore, the relationship 
between tumors of different 
textures and survival was not 
assessed.

In summary, this study revealed 
that HER2 mutation was more 
common in younger and never 
smokers LUAD patients. Further- 
more, most LUADs manifested as 
non-pSD in CT scans. Moreover, the 
size of LUAD with HER2 mutation 
was smaller than that with HER2 
wild type and most LUAD with 
HER2 mutation transformed into 
pSD after their size increased > 1 cm.

All data generated or analysed 
during this study are included in 
this published article.

HER2: Human epidermal growth 
factor 2
EGFR: Epidermal growth factor 
receptor gene
CT: Computed tomography
LUAD: Lung adenocarcinoma
pGGO: Pure ground glass opacity
mGGO: Mixed ground glass opacity
pSD: Pure solid
NSCLC: Non-small cell lung cancer
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Abstract

In-vitro fertilization (IVF) has been 
a transformative advancement in 
assisted reproductive technology. 
However, success rates remain 
suboptimal, with only about one-
third of cycles resulting in pregnancy 
and fewer leading to live births. 
This narrative review explores the 
potential of artificial intelligence 
(AI), machine learning (ML), and 
deep learning (DL) to enhance 
various stages of the IVF process. 
Personalization of ovarian stimulation 
protocols, gamete selection, and 
embryo annotation and selection 
are critical areas where AI may benefit 
significantly. AI-driven tools can 
analyze vast datasets to predict 
optimal stimulation protocols, 
potentially improving oocyte 
quality and fertilization rates. In 
sperm and oocyte  qual i ty  
assessment, AI can offer precise, 
objective analyses, reducing 
subjectivity and standardizing 
evaluations. In embryo selection, 
AI can analyze time-lapse imaging 
and morphological data to support 
the prediction of embryo viability, 
potentially aiding implantation 

outcomes. However, the role of AI 
in improving clinical outcomes 
remains to be confirmed by large-
scale, well-designed clinical trials. 
Additionally, AI has the potential 
to enhance quality control and 
workflow optimization within IVF 
laboratories by continuously 
monitoring key performance 
indicators (KPIs) and facilitating 
efficient resource utilization. 
Ethical considerations, including 
data privacy, algorithmic bias, and 
fairness, are paramount for the 
responsible implementation of AI 
in IVF. Future research should 
prioritize validating AI tools in 
diverse clinical settings, ensuring 
their applicability and reliability. 
Collaboration among AI experts, 
clinicians, and embryologists is 
essential to drive innovation and 
improve outcomes in assisted 
reproduction. AI's integration into 
IVF holds promise for advancing 
patient care, but its clinical potential 
requires careful evaluation and 
ongoing refinement.

Keywords
In-vitro fertilization; Artificial 
intelligence; Machine learning; 

Deep learning (DL); Gamete selection; 
Embryo annotation

In-vitro fertilization (IVF) has been 
a groundbreaking advancement in 
assisted reproductive technology 
since the birth of the first "test-

1tube baby" in 1978 . This technique 
has offered hope to millions of 
couples struggling with infertility, 
providing an alternative pathway 
to parenthood. IVF has evolved 
significantly over the past four decades, 
incorporating various technological 
advancements to enhance its efficacy 
2. However, despite these innovations, 
the success rates of IVF remain 
suboptimal, with only approximately 
one-third of cycles resulting in 
pregnancy and an even smaller 
proportion leading to the birth of a 
healthy baby. It is important to note 
that while artificial intelligence (AI) 
offers the potential to optimize certain 
aspects of IVF, clinical validation of 
AI's impact on improving live birth 
rates remains limited.

The challenges faced in IVF 
involve complex biological, medical, 

3,4and technical factors . One of the 

1. Introduction

Clinical Health Volume 21 July/August Issue, 2025                                             42



primary hurdles is the variability in 
patient response to ovarian 

5,6stimulation protocols . Personalizing 
these protocols to suit individual 
patient profiles is crucial for 
optimizing the quantity and quality 

7,8,9of oocytes retrieved . However, 
AI is not capable of directly 
enhancing oocyte quality; instead, 
it can help in tailoring stimulation 
protocols by identifying predictive 

10,11factors for optimal responses . 
Even with personalized approaches, 
predicting patient response remains 
challenging, leading to inconsistent 
outcomes. Furthermore, the selection 
of high-quality gametes and embryos 
is essential for improving fertilization 

12,13
rates and embryo viability , yet 
current methods heavily rely on 
subjective assessments by embryo- 
logists.

To address these complexities, AI 
encompasses various computational 
techniques that enable machines 

14to mimic human intelligence . 
Machine learning (ML), a subset of 
AI, involves the development of 
algorithms that can learn from and 

15
make predictions based on data . 
Deep learning (DL), a more advanced 
subset of ML, utilizes neural networks 
with multiple layers to analyze 
complex patterns in large datasets 
16. These technologies have already 
demonstrated potential in various 

17
medical fields, including radiology , 
oncology, and genomics by providing 
precise, data-driven insights that 
enhance clinical decision-making 
16

.However, the application of AI in 
IVF remains in its early stages, and 
while early results are promising, 
comprehensive clinical validation 
is still required before AI can be 
routinely integrated into IVF practices 
18

.
Recent studies have shown that 

AI, ML, and DL present opportunities 
18,19, 20,21

to transform IVF practices . 
Integrating AI into IVF can potentially 
address several critical areas that 
influence the procedure's success. 

For instance, AI-driven tools can 
analyze vast amounts of patient 
data to identify patterns and 
correlations that may not be 
apparent to human practitioners. 
This capability can enhance the 
personalization of ovarian stimulation 
protocols, ensuring that each patient 
receives the most suitable treatment 

11
plan . Additionally, AI can improve 
gamete and embryo selection by 
providing objective assessments 
based on detailed morphological 

22,23
and genetic data , reducing the 
subjectivity and variability associated 
with manual evaluations. However, 
it is crucial to acknowledge that 
while AI can standardize and 
streamline certain procedures, its 
direct effect on improving IVF 
success rates requires further 

24large-scale clinical trials .
Moreover, AI can play a signifi- 

cant role in the quality control of 
24,25

IVF laboratories . By continuously 
monitoring key performance 
indicators and laboratory conditions, 
AI systems can ensure that the 
highest standards are maintained, 
thus increasing the consistency 
and reliability of IVF outcomes. The 
scheduling and workflow optimization 
capabilities of AI can also enhance 
the efficiency of IVF procedures, 
minimizing delays and ensuring 
the timely handling of gametes and 

26
embryos . Yet, the impact of these 
efficiencies on clinical outcomes 
like pregnancy and live birth rates 
remains to be fully validated in a 

25broader clinical context .
Despite significant advancements 

in assisted reproductive technology, 
the success rates of in-vitro 
fertilization (IVF) remain disappoin-
tingly low, with only about one-
third of cycles resulting in pregnancy 
and even fewer leading to live 
births. This highlights a pressing 
need for more effective and 
reliable methods to enhance IVF 
outcomes. The rationale for this 
review is rooted in the potential of 

artificial intelligence (AI), machine 
learning (ML), and deep learning 
(DL) to address these challenges by 
providing objective, data-driven tools 
that can optimize various stages of 
the IVF process. The novelty of this 
review lies in its comprehensive 
examination of how these advanced 
technologies can be integrated into 
IVF practices to improve patient-
specific stimulation protocols, gamete 
and embryo selection, and overall 
laboratory efficiency. The primary 
objectives of this narrative review 
are to explore current evidence 
supporting the use of AI, ML, and 
DL in IVF, to identify the potential 
benefits and limitations of these 
technologies, and to outline future 
directions for research and clinical 
implementation. This review aims 
to contribute to ongoing efforts to 
enhance IVF success rates and reduce 
patient emotional and financial 
burdens by synthesizing the latest 
findings and proposing new avenues 
for innovation. Fig. 1 below highlights 
different applications of AI integrated 
into IVF practices.

2.1. Literature search

A comprehensive literature search 
was conducted to gather relevant 
studies and articles on the application 
of artificial intelligence (AI), machine 
learning (ML), and deep learning 
(DL) in in-vitro fertilization (IVF). 
The literature databases searched 
included PubMed, Scopus, Web of 
Science, and Google Scholar. The 
search was performed using a 
combination of keywords and MeSH 
terms, such as "artificial intelligence," 
"machine learning," "deep learning," 
"in-vitro fertilization," "IVF," "ovarian 
stimulation," "oocyte quality," 
"embryo selection," "sperm selection," 
and "IVF outcomes." The search 
was limited to articles published in 
English from January 2000 to July 

2. Methods
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2024 to capture the most recent 
and relevant advancements in the 
field.

While this review adhered to a 
structured methodology, it is 
important to clarify that it is a 
narrative review, not a systematic 
one. The goal was to explore and 
synthesize emerging themes and 
advancements in the application 
of AI in IVF, rather than to evaluate 
the efficacy of interventions 
systematically. Thus, the approach 
prioritized conceptual synthesis 
and thematic organization over 
strict quantitative analysis.

2.2. Inclusion and exclusion 
criteria

The review included peer-reviewed 
articles and reviews that addressed 
the use of AI, ML, and DL in various 
aspects of IVF. Relevant studies 
discussed AI's impact on ovarian 
stimulation protocols, gamete 
selection, embryo assessment, and 
IVF laboratory quality control. Articles 
providing data on AI-driven IVF 
outcomes, such as pregnancy rates, 
live birth rates, and embryo viability, 
were considered. The search 
initially yielded 315 articles. After 
reviewing titles and abstracts, 118 
articles were deemed potentially 
relevant. Following a detailed full-
text review, 53 studies were included 
based on inclusion criteria, as 
summarized in Fig. 2. Articles not 
directly related to IVF, those focusing 
on other reproductive technologies, 
non-English publications, and studies 
without a clear focus on applying 
AI, ML, or DL in IVF were excluded.

2.3. Risk of bias evaluation

As this review is a narrative synthesis, 
it does not systematically evaluate 
the risk of bias for included studies. 
However, efforts were made to 
ensure reliability by selecting studies 
published in peer-reviewed journals 
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Fig. 2. PRISMA flow diagram of the article selection process.

Fig. 1. Different applications of AI integrated into IVF practices.



and critically appraising their 
methodological rigor during data 
extraction.

2.4. Synthesis of results

Findings from the selected studies 
were synthesized narratively, focusing 
on conceptual and thematic insights 
into AI applications across the IVF 
process. The studies were grouped 
based on key aspects of IVF, including 
ovarian stimulation, gamete selection, 
embryo selection, and laboratory 
management. The themes identified 
during data extraction were 
structured to reflect critical areas 
of AI integration in IVF including 
personalization of ovarian stimulation 
protocols, gamete and embryo 
selection, quality control in IVF 
laboratories, and workflow optimi-
zation. The narrative synthesis 
critically analyzed AI applications' 
potential benefits and limitations, 
aiming to provide a comprehensive 
overview of current evidence and 
highlight areas for future research.

3. Personalization of ovarian 
stimulation protocols

Ovarian stimulation protocols are 
critical to in-vitro fertilization (IVF) 
success as they optimize the number 
and quality of oocytes retrieved 
5,27. These protocols typically involve 
the administration of gonadotrophins 
to stimulate the ovaries to produce 
multiple follicles and to retrieve a 
sufficient number of mature oocytes 
that can be fertilized to create viable 

28embryos . Personalization of 
ovarian stimulation has become 
increasingly important due to the 
variability in patient characteristics 
such as age, ovarian reserve, and 

29,30
hormonal profile . For instance, 
younger patients with a higher 
ovarian reserve may require 
different stimulation protocols 
compared to older patients or those 
with diminished ovarian reserve. 

Despite personalized approaches, 
predicting individual patient 
responses to stimulation remains 
challenging. Suboptimal stimulation 
can lead to various issues, including 
ovarian hyperstimulation syndrome 
(OHSS), poor oocyte quality, and, 

31
ultimately, lower IVF success rates .

Artificial intelligence (AI) can 
potentially revolutionize the persona-
lization of ovarian stimulation 
protocols by leveraging vast datasets 
and advanced analytical techniques 
21,32

. Recent advances in AI, particularly 
in machine learning (ML) and deep 
learning (DL), have shown promise 
in improving the accuracy and 
efficacy of these protocols. AI can 
analyze extensive datasets comprising 
patient characteristics, historical 
responses to stimulation protocols, 

33,34and IVF outcomes . AI can 
provide insights that may elude 
traditional analysis by identifying 
patterns and correlations within 

35these datasets . For instance, AI 
can identify subtle correlations 
between specific patient profiles 
and their responses to different 
stimulation protocols, enabling more 
precise treatment tailoring.

Machine learning algorithms can 
develop predictive models to estimate 
each patient's optimal type and 

36
dose of gonadotropins . These 
models consider various factors, 
including age, body mass index 
(BMI), antral follicle count (AFC), 
and anti-Müllerian hormone (AMH) 
levels. AI models can predict the 
best day for monitoring a patient, 
trigger day options, and the 

11number of oocytes . AI systems can 
integrate data from previous IVF 
cycles to refine predictions for 
future treatments. This iterative 
learning process allows the AI to 
improve its recommendations 
continuously. By incorporating 
historical patient data, AI can 
enhance the personalization of 
stimulation protocols, resulting in 
improved clinical outcomes. 

Moreover, AI can also facilitate real-
time adjustments to stimulation 

37protocols . By monitoring patients' 
responses during the stimulation 
phase, AI algorithms can recommend 
modifications to the dosage or type 
of gonadotropins. This dynamic 
approach ensures that the protocols 
are constantly optimized to achieve 
the best possible outcomes, reducing 
the incidence of complications like 
OHSS and enhancing overall treatment 

21efficacy .

4. Gamete selection

Gamete selection is a pivotal step in 
the in-vitro fertilization (IVF) process, 
significantly impacting fertilization 
success rates and subsequent 

38
embryo development . Accurately 
selecting high-quality sperm and 
oocytes can enhance the likelihood 
of successful fertilization, implanta-

39
tion, and a successful pregnancy . 
While effective to some extent, 
traditional methods of gamete 
selection are often subjective and 

40
reliant on embryologists' expertise . 
Advances in artificial intelligence 
(AI) and deep learning (DL) offer the 
potential to revolutionize gamete 
selection by providing objective, 
data-driven tools that can improve 
the accuracy and consistency of these 

41
assessments .

4.1. Sperm classification and 
selection

Traditional sperm selection methods 
rely heavily on manual assessment 
and basic laboratory techniques 
such as visual evaluation of motility 
and morphology using microscopy 
42,43

. These methods are inherently 
subjective and can vary significantly 
between practitioners. Manual 
assessment is also time-consuming 
and may not always accurately 
predict the fertilization potential of 

42sperm . AI and DL technologies 
can significantly enhance sperm 
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selection by analyzing motility, 
morphology, and other relevant 
parameters with high precision 
24,44

. While some studies indicate 
comparable outcomes between 
AI-based and traditional methods, 
DL models, trained on large datasets 
of sperm images and associated 
outcomes, can classify sperm quality 
more accurately than traditional 

45,46methods . These models can 
identify subtle morphological features 
and motility patterns that correlate 
with successful fertilization. For 
instance, DL algorithms can analyze 
high-resolution video footage of 
sperm movement to assess motility 
parameters such as velocity, linearity, 
and amplitude of lateral head 

47displacement . By providing a more 
objective and precise assessment 
of sperm quality, AI and DL can 
improve the chances of selecting 
the best sperm for fertilization. This 
not only increases the likelihood of 
successful fertilization but also 
enhances the overall quality of the 
resulting embryos. AI-driven sperm 
selection can be particularly beneficial 
in cases of male factor infertility, 
where the selection of the highest-
quality sperm is critical for achieving 
positive outcomes.

4.2. Oocyte quality assessment

Oocyte quality is a crucial determinant 
of successful fertilization and 

48,49
subsequent embryo development . 
Traditional assessment methods 
for oocyte quality primarily rely on 
morphological criteria observed 
under a microscope, such as the 
appearance of the zona pellucida, 

50
cytoplasm, and polar body . However, 
these assessments are subjective 
and can vary between embryologists, 
leading to inconsistencies in oocyte 
quality assessment. AI offers a 
transformative approach to oocyte 
quality assessment by providing 
objective analyses based on high-

11,51resolution images of oocytes . 
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Table 1. AI applications in gamete selection.

Aspect of 
Gamete 
Selection

Sperm 
Classification 
and 
Selection 
[44]

Motility 
Analysis [55]

Morphology 
Assessment 
[56]

Oocyte 
Quality 
Assessment 
[51,57]

Traditional 
Methods

Manual 
assessment 
using 
microscopy 
for motility 
and 
morphology

Visual 
inspection of 
sperm 
movement 
under a 
microscope

Kruger's strict 
criteria 
assessed 
visually by 
embryologists

Morphological 
evaluation of 
zona 
pellucida, 
cytoplasm, 
and polar 
body

AI 
Applications/Models 
Used

DL models (e.g., 
Convolutional Neural 
Networks) analyzing 
high-resolution 
images and video 
footage

Computer Vision and 
DL models analyzing 
motility patterns

Machine Learning 
models (e.g., Support 
Vector Machines) 
trained on large 
datasets of sperm 
images

AI-based image 
analysis (e.g., 
Convolutional Neural 
Networks) on high-
resolution oocyte 
images

Benefits of AI 
Applications

- Increased 
precision and 
objectivity in 
motility and 
morphology 
assessment
- Identification 
of subtle 
features 
correlating 
with 
fertilization 
potential
- Improved 
consistency 
and reliability 
in sperm 
selection

- Detailed 
quantification 
of motility 
parameters
- Enhanced 
detection of 
optimal motile 
sperm
- Reduced 
subjectivity in 
motility 
assessment

- Objective 
classification 
of sperm 
morphology
- Higher 
accuracy in 
identifying 
sperm with 
optimal 
morphology
- Consistency 
across different 
observers and 
laboratories

- Objective 
analysis of 
subtle 
morphological 
features
- Integration of 
multiple 
imaging 
modalities
- Improved 
selection of 
high-quality 
oocytes

continued on page 47
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Advanced image analysis techniques 
powered by AI can identify subtle 
features that correlate with oocyte 
quality, which may not be discerni- 
ble through manual evaluation. For 
example, AI algorithms can assess 
the ooplasm's homogeneity, the 
zona pellucida's integrity, and the 
presence of cytoplasmic inclusions or 
vacuoles, all of which are important 
indicators of oocyte health.

Furthermore, AI can integrate 
data from multiple imaging 
modalities, such as time-lapse 
microscopy and confocal imaging, to 
comprehensively assess oocyte 
quality. Time-lapse imaging allows 
continuous monitoring of oocyte 
development, providing dynamic 
information that AI can analyze to 

52predict developmental potential . 

By combining morphological data with 
dynamic developmental patterns, 
AI can enhance the accuracy of 
oocyte quality assessment, leading 
to better fertilization rates and 
higher-quality embryos.

4.3. Integration of genetic data

In addition to morphological 
assessments, the integration of 
genetic data into AI-driven gamete 
selection processes holds significant 
promise. Preimplantation genetic 
testing (PGT) can identify chromo- 
somal abnormalities and genetic 

53
disorders in oocytes and embryos . 
AI algorithms can analyze genetic 
data alongside morphological and 
developmental information to 
provide a more holistic assessment 

54of gamete quality . This integrated 
approach can improve the selection 
of genetically normal gametes, thereby 
increasing the chances of a successful 
pregnancy and reducing the risk of 
genetic disorders.

Table 1 provides an overview 
of how AI applications and models 
can enhance the various aspects of 
gamete selection in IVF, improving 
precision, objectivity, and overall 
outcomes.

5. Embryo annotation and selection

Embryo annotation and selection 
are critical steps in the in-vitro 
fertilization (IVF) process, significantly 
influencing the likelihood of 
successful implantation and pregnancy 
6 0 , 6 1. Traditional methods for 
selecting embryos primarily rely on 
morphological assessment, where 
embryologists visually evaluate the 
embryos under a microscope. This 
assessment typically considers cell 
number, symmetry, and fragmen- 
tation factors. Some clinics also 
incorporate genetic testing, such 
as preimplantation genetic testing 
(PGT), to identify chromosomal 

62,63abnormalities . However, these 
methods are inherently subjective 
and can vary between embryologists, 
leading to inconsistent and sometimes 
inaccurate predictions of embryo 

64
viability .

5.1. Traditional methods

Morphological assessment of 
embryos involves examining their 
appearance at various stages of 

64development . On Day 3, embryos 
are usually evaluated based on the 
number and regularity of blastomeres 
and the degree of fragmentation. 
On Day 5, the focus shifts to the 
formation and quality of the 
blastocyst, including the appearance 
of the inner cell mass and the 

65
trophectoderm . While these 
assessments provide valuable 

Table 1. AI applications in gamete selection.

Aspect of 
Gamete 
Selection

Real-time 
Adjustments 
[58,59]

Data 
Integration 
from 
Previous 
Cycles [51]

Traditional 
Methods

Adjustments 
based on 
manual 
observation 
and clinical 
judgment

Manual 
review of 
patient 
history and 
past IVF 
outcomes

AI 
Applications/Models 
Used

AI-driven real-time 
recommendations 
for sperm and oocyte 
quality assessment

AI models 
integrating historical 
patient data for 
personalized 
predictions

Benefits of AI 
Applications

- Dynamic 
optimization of 
selection 
criteria
- Immediate 
feedback for 
embryologists
- Enhanced 
decision-
making during 
the selection 
process

- Improved 
personalization 
of gamete 
selection
- Continuous 
refinement of 
selection 
criteria based 
on past 
outcomes
- Enhanced IVF 
success rates 
through 
tailored 
approaches

continued from page 46
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information, they do not always 
correlate with the embryo's ability 
to implant and develop into a healthy 
pregnancy. These evaluations are 
subjective,  with s ignif icant 
variability between embryologists' 
assessments. Genetic testing, such 
as PGT, can provide additional 
insights into the chromosomal 

53
status of embryos . By identifying 
aneuploidies, genetic testing can 
help select embryos with the 
highest potential for successful 

66
implantation . However, PGT is 
invasive, expensive, and not 
universally available. Moreover, it 
cannot assess an embryo's functional 
potential beyond its chromosomal 
makeup, leaving gaps in predicting 
overall viability.

5.2. AI in embryo selection

Artificial intelligence (AI) and deep 
learning (DL) technologies have 
the potential to revolutionize 
embryo selection by providing 
more objective, accurate, and 

14,15
comprehensive assessments . AI 
can analyze large datasets of time-
lapse imaging and morphological 
data to predict embryo viability more 
precisely than traditional methods. 
Time-lapse imaging systems capture 
continuous images of embryos as 
they develop, providing a detailed 
record of their morphological 
changes. AI algorithms can analyze 
these time-lapse videos to identify 
patterns and developmental mile- 
stones associated with successful 

67implantation and development . 
AI can provide a more dynamic and 
nuanced assessment of embryo 
quality by examining parameters such 
as cleavage patterns, blastocyst 
formation, and the timing of key 
developmental events. Recent 
studies have demonstrated that AI 
models analyzing timelapse imaging 
can significantly improve the 
accuracy of embryo viability 

23
predictions . 

Table 2. AI applications in embryo annotation and selection.

Aspect of 
Embryo 
Selection

Morphological 
Assessment 
[68]

Time-Lapse 
Imaging 
Analysis [61]

Dynamic 
Monitoring 
[23]

Genetic Data 
Integration 
[53].

Predictive 
Modeling [69]

Traditional 
Methods

Visual 
assessment of 
cell number, 
symmetry, and 
fragmentation

Manual 
observation of 
developmental 
stages

Periodic manual 
checks of 
embryo 
development

Preimplantation 
Genetic Testing 
(PGT) for 
aneuploidies

Predictions 
based on 
clinical 
judgment and 
experience

AI Models/Tools 
Used

Convolutional 
Neural Networks 
(CNNs) analyzing 
static images of 
embryos

Time-lapse 
imaging systems 
with AI (e.g., 
EmbryoScope, 
Eeva)

AI algorithms 
analyzing time-
lapse videos

AI models 
integrating 
genetic, 
morphological, 
and 
developmental data

Machine Learning 
models (e.g., 
Random Forest, 
Support Vector 
Machines)

Benefits of AI 
Applications

- Objective and 
consistent 
assessment
- Reduced inter-
embryologist 
variability
- Enhanced 
identification of 
viable embryos

- Continuous 
monitoring of 
embryo 
development
- Detection of 
subtle 
morphological 
changes and 
dynamic 
behaviors
- Improved 
prediction of 
implantation 
potential

- Identification of 
key 
developmental 
milestones
- More accurate 
assessment of 
embryo quality
- Better selection 
of embryos for 
transfer

- Comprehensive 
assessment of 
embryo quality
- Increased 
selection 
accuracy for 
genetically 
normal embryos
- Reduced risk of 
genetic disorders

- Data-driven 
predictions of 
embryo viability
- Integration of 
diverse data 
sources (e.g., 
patient history, 
stimulation 
protocols)
- Improved 
decision-making 
for embryo 
transfer

continued on page 49
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For instance, AI can detect subtle 
morphological changes and dynamic 
behaviors difficult for human 
observers to discern. These models 
can predict implantation potential 
with higher accuracy, leading to 
better embryo selection for transfer 
and increased implantation rates.

In addition to time-lapse 
imaging, AI can enhance the 
traditional morphological assessment 
of embryos. Deep learning models, 
particularly convolutional neural 
networks (CNNs), can be trained on 
large datasets of embryo images to 
recognize features that correlate 

68with high viability . These models 
can analyze static images of embryos 
at various stages of development, 
providing an objective assessment 
that reduces inter-embryologist 
variability. AI-driven morphological 
assessments can identify features 
such as blastomere symmetry, cell 
junction quality, and the degree of 
fragmentation with greater precision 
than manual evaluations. By 
combining these assessments with 
time-lapse imaging data, AI provides 
a comprehensive analysis encom- 
passing static and dynamic aspects 
of embryo development.

AI's ability to integrate and 
analyze diverse datasets allows for 
the development of predictive 
models that can forecast embryo 

69viability . These models can 
incorporate morphological data, 
time-lapse imaging, and genetic 
information to provide a holistic 
assessment. By identifying embryos 
with the highest potential for 
successful implantation and 
development, AI can increase 
implantation rates and reduce the 
number of cycles required to achieve 

22a successful pregnancy . For example, 
machine learning algorithms can 
be trained on historical IVF data, 
including patient demographics, 
stimulation protocols, and outcomes. 
These models can then predict the 
likelihood of success for new 

Table 2. AI applications in embryo annotation and selection.

Aspect of 
Embryo 
Selection

Real-time 
Adjustments 
[70,71]

Scoring 
Systems 
[72,73]

Outcome 
Prediction 
[74]

Dynamic 
Monitoring 
(Time-lapse 
Imaging) [52]

Genetic 
Assessment 
Integration 
[53]

Traditional 
Methods

Adjustments 
based on 
manual 
observation and 
clinical 
judgment

Embryo grading 
based on visual 
criteria

Predictions 
based on 
historical 
success rates

Periodic manual 
observation of 
oocyte 
development 
stages

Preimplantation 
Genetic Testing 
(PGT) based on 
chromosomal 
analysis

AI Models/Tools 
Used

AI-driven real-
time 
recommendations

AI-generated 
scoring systems 
(e.g., Life 
Whisperer, 
iDAScore)

AI models 
analyzing 
historical IVF data 
(e.g., IVF outcome 
prediction 
models)

AI models 
analyzing time-
lapse video to 
assess 
developmental 
potential

AI models 
combining 
genetic data with 
morphological 
and 
developmental 
information

Benefits of AI 
Applications

- Dynamic 
optimization of 
selection criteria
- Immediate 
feedback for 
embryologists
- Enhanced 
decision-making 
during the 
selection process

- Objective and 
reproducible 
scoring
- Better 
prediction of 
implantation and 
pregnancy 
outcomes
- Streamlined 
workflow in the 
embryology lab

- Personalized 
predictions of 
success rates
- Tailored 
treatment 
recommendations
- Higher chances 
of successful 
pregnancy with 
fewer cycles

- Continuous 
monitoring of 
oocyte 
development
- Identification of 
optimal 
developmental 
patterns
- Prediction of 
fertilization and 
embryo 
development 
potential

- Comprehensive 
assessment of 
genetic and 
morphological 
quality
- Increased 
selection 
accuracy for 
genetically 
normal gametes
- Reduced risk of 
genetic disorders 
in resulting 
embryos

continued from page 48
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patients, helping clinicians make 
more informed decisions about 
embryo selection and transfer.

Table 2 provides a comprehensive 
overview of how AI models and tools 
are being used to enhance various 
aspects of embryo annotation and 
selection, improving precision, 
objectivity, and overall IVF outcomes.

6. Quality control and key 
performance indicators monitoring

Consistent quality control in IVF 
laboratories is crucial for maintaining 
high standards and ensuring the 
success of assisted reproductive 

75
technologies . Quality control 
encompasses a range of practices to 
monitor and optimize laboratory 
conditions and procedures to achieve 
the best possible patient outcomes. 
Key performance indicators (KPIs) 
such as fertilization rates, blastocyst 
formation rates, and clinical pregnancy 
rates are essential metrics that 
reflect the laboratory's performance 

76
and overall effectiveness . Monitoring 
these KPIs allows laboratories to 
identify improvement areas, ensuring 
that all IVF processes function 
optimally. High standards in quality 
control are not only critical for 
achieving successful pregnancies 
but also for maintaining patient 
trust and adhering to regulatory 

75
requirements .

Artificial intelligence (AI) offers 
significant advancements in the 
realm of quality control by enabling 
continuous monitoring and analysis of 
laboratory conditions and procedural 

77
outcomes . Machine learning (ML) 
algorithms can process vast amounts 
of data from various sources within 
the laboratory, including environ- 
mental sensors, procedural logs, 

78and patient records . By analyzing 
this data, AI systems can identify 
patterns and deviations from 
established KPIs that may indicate 
potential issues or areas for 
improvement. For instance, AI can 

Table 3. Quality control and key performance indicators monitoring in IVF.

Component

Environmental 
Monitoring 
[76]

Fertilization 
Rates [82]

Blastocyst 
Formation 
[83]

Clinical 
Pregnancy 
Rates [76]

Procedural 
Adherence 
[84]

Embryo 
Culture 
Conditions 
[79,85]

Gamete and 
Embryo 
Handling [76]

Traditional 
Methods

Manual 
recording 
and periodic 
checks of 
temperature, 
humidity, air 
quality

Manual 
calculation 
and periodic 
analysis based 
on fertilization 
success

Visual 
assessment 
and manual 
recording of 
blastocyst 
development 
stages

Retrospective 
analysis of 
clinical 
pregnancy 
outcomes

Manual 
checks and 
audits of 
adherence 
to protocol

Manual 
observation 
and 
recording of 
cultural 
conditions

Manual 
assessment 
and periodic 
reviews

AI 
Models/Tools 
Used

AI-driven 
environmental 
sensors and 
IoT devices

Machine 
Learning 
algorithms 
analyzing 
fertilization 
data

Time-lapse 
imaging 
systems with 
AI analysis 
(e.g., 
EmbryoScope

Predictive 
analytics 
models 
integrating 
multiple data 
sources)

Workflow 
management 
systems with 
AI (e.g., 
electronic lab 
notebooks 
with AI 
analytics)

AI-driven 
monitoring 
systems 
analyzing
 cultural 
conditions

AI algorithms 
analyzing 
handling data 
and 
procedural 
videos

Key 
Performance 
Indicators 
(KPIs)

Temperature 
stability, 
humidity 
levels, air 
quality

Number of 
fertilized 
oocytes, 
fertilization 
rate per cycle

Blastocyst 
formation rate, 
time to 
blastocyst stage

Clinical 
pregnancy rate, 
implantation 
rate

Adherence to 
protocols, the 
incidence of 
deviations

Culture media 
pH levels, 
oxygen 
concentration

Handling 
error 
rate, 
gamete/embryo 
viability post-
handling

Advantages of AI

Continuous real-
time monitoring, 
immediate 
deviation alerts, 
consistent 
optimal 
conditions

Real-time 
analysis, early 
identification of 
issues, data-
driven 
recommendations 
for improvement

Continuous 
monitoring, 
precise tracking 
of developmental 
stages, better 
prediction of 
blastocyst 
viability

Real-time 
tracking, 
predictive 
insights for 
improving 
protocols,
 enhanced 
understanding of 
success factors

Automated 
adherence 
tracking, 
immediate 
feedback on 
deviations, 
improved 
protocol 
consistency

Continuous 
monitoring, 
optimal 
condition 
maintenance,
 reduced 
variability 
in embryo 
development

Identification of 
best practices, 
reduction of 
handling errors, 
consistent high-
quality gamete 
and embryo 
handling

continued on page 51
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monitor environmental conditions 
such as temperature, humidity, and 
air quality within the laboratory to 
ensure they remain within optimal 
ranges for gamete and embryo 
culture. Any deviations from these 
parameters can be immediately 
flagged, allowing laboratory staff 
to take corrective actions before 
these conditions negatively impact 
the IVF outcomes. Additionally, AI can 
track procedural adherence, ensuring 
that protocols are followed consistently, 
which is crucial for maintaining the 
quality and viability of gametes and 
embryos.

AI-driven quality control 
systems can also provide real-time 
feedback and recommendations 

79
based on the analysis of KPI data . 
For example, if fertilization rates 
are observed to be below expected 
levels, AI algorithms can analyze 
procedural data to identify potential 

causes, such as variations in sperm 
or oocyte handling techniques, and 
suggest modifications to improve 

32
outcomes . Similarly, if blastocyst 
formation rates are suboptimal, AI 
can recommend adjustments in 
culture conditions or protocols based 
on historical data and current trends 
20. By continuously monitoring and 
optimizing laboratory conditions 
and procedures, AI helps ensure 
that each IVF process is performed 

9,80to the highest standards . This 
enhances the likelihood of successful 
pregnancies and reduces errors and 
variability, ultimately contributing 
to better patient outcomes and 
increased confidence in IVF 
treatments. Furthermore, AI's 
ability to analyze complex datasets 
and provide actionable insights can 
support ongoing improvements in 
laboratory practices. Continuous 
learning and adaptation of AI 

algorithms based on new data can 
drive innovations and refine IVF 
protocols, ensuring that laboratories 
remain at the forefront of assisted 

81reproductive technologies . This 
dynamic approach to quality control, 
underpinned by AI, represents a 
significant advancement in pursuing 
excellence in IVF outcomes as 
highlighted in Table 3.

7. Procedural scheduling and 
workflow optimization

Efficient scheduling and workflow 
management are critical in busy IVF 
laboratories, where timely execution 
of procedures is paramount for 
maintaining the quality of gametes 

89
and embryos . Delays or inefficiencies 
in the workflow can lead to 
suboptimal conditions, which may 
negatively impact fertilization rates, 
embryo development, and overall 
IVF success rates. Common challenges 
include coordinating multiple 
procedures that need to occur 
within specific time windows, 
managing the availability of 
laboratory staff and equipment, and 
responding to unexpected changes, 
such as equipment failures or 
variations in patient needs. Inefficient 
scheduling can result in extended 
waiting times, increased stress for 
patients and staff, and potentially 

90
lower clinical outcomes .

Artificial intelligence (AI) offers 
transformative potential for 
optimizing scheduling and workflow 

11
management in IVF laboratories . 
By analyzing historical data and 
real-time workflow patterns, AI 
can predict the optimal timing for 
various procedures, ensuring that 
each step is carried out at the most 
a p p ro p r i ate  m o m e nt .  T h i s  
optimization can significantly reduce 
waiting times and enhance the 
timely handling of gametes and 
embryos, ultimately improving 
laboratory efficiency and success 
rates. AI can analyze extensive 

Table 3. Quality control and key performance indicators monitoring in IVF.

Component

KPI Tracking 
and Reporting 
[86]

Root Cause 
Analysis of 
Failures [87]

Continuous 
Improvement 
[82,88]

Traditional 
Methods

Manual 
compilation 
and analysis 
of KPI data

Retrospective 
manual 
analysis of 
procedural 
failures

Periodic 
reviews and 
manual 
updates of 
protocols

AI 
Models/Tools 
Used

AI-based 
dashboards 
and reporting 
tools (e.g., 
Tableau with 
Integrated AI)

AI-driven root 
cause analysis 
tools (e.g., 
anomaly 
detection 
algorithms)

Continuous 
learning 
AI systems 
updating 
protocols 
based on new 
data

Key 
Performance 
Indicators 
(KPIs)

Fertilization 
rates, 
blastocyst 
formation 
rates, clinical 
pregnancy 
rates

Failure rates, 
time to identify 
and correct 
issues

Improvement 
rate, protocol 
update 
frequency

Advantages of AI

Real-time KPI 
tracking, 
automated 
reporting, easy 
identification of 
trends and issues

Faster 
identification of 
failure causes, 
data-driven 
insights, 
preventive 
measures 
implementation

Dynamic 
protocol 
optimization, 
incorporation of 
the latest 
evidence, ongoing 
performance 
enhancement

continued from page 50
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datasets from past cycles to 
identify patterns and bottlenecks 
in the workflow. By understanding 
these patterns, AI algorithms can 
forecast busy periods and allocate 

91
resources accordingly . This ensures 
that critical procedures, such as 
oocyte retrieval, fertilization, and 
embryo transfer, are performed 

92
without unnecessary delays . For 
example, AI can predict peak times 
for laboratory activities and suggest 
optimal staff scheduling to meet these 
demands.

Machine learning (ML) algorithms 
can predict the best timing for 
each procedure based on various 
factors, including patient-specific 
data, laboratory conditions, and 
historical outcomes. This predictive 
capability ensures that procedures 
are scheduled when conditions 
are most favorable, enhancing the 

41quality of gametes and embryos . 
For instance, AI can determine the 
optimal time for oocyte retrieval 
based on the maturation status of 
the follicles, ensuring that oocytes 

21
are collected at their peak quality . 
AI-driven scheduling tools can adapt 
to unexpected changes, such as 
equipment malfunctions or sudden 
shifts in patient conditions. By 
continuously monitoring the workflow 
and available resources, AI can 
make real-time adjustments to the 
schedule, ensuring that disruptions 
are minimized. This adaptability is 
crucial in maintaining smooth 
operations and avoiding delays that 
could compromise the quality of 

57the IVF process .
AI can also optimize allocating 

laboratory resources, including staff, 
equipment, and lab space. By 
predicting the needs for each 
procedure and ensuring that 
resources are available when needed, 
AI helps avoid overbooking and 
underutilization. This efficient 
allocation not only improves 
workflow but also enhances the 
working environment for laboratory 

staff, reducing stress and potential 
errors. Several AI-driven scheduling 
tools are being developed and 

93
implemented in IVF laboratories . 
These tools utilize advanced 
algorithms to create dynamic 
schedules that can be adjusted in 
real-time based on changing 
conditions. For example, AI platforms 
can integrate data from patient 
management systems, laboratory 
information systems, and real-time 
monitoring devices to provide 
comprehensive scheduling solutions. 
These platforms offer features such 
as automatic rescheduling in response 
to delays, predictive analytics for 
resource planning, and real-time 
alerts for staff and patients.

AI-driven scheduling reduces 
waiting times by optimizing the 
schedule and ensuring the timely 
execution of procedures. This 
improves the overall patient 
experience and reduces the stress 

94
associated with the IVF process . 
Timely handling of gametes and 
embryos ensures they are maintained 
optimally, enhancing their quality 
and viability. This can lead to 
higher fertilization rates, better 
embryo development, and increased 

25
success rates for IVF cycles . 
Enhanced laboratory efficiency is 
another significant benefit of AI-
driven scheduling. By streamlining 
the workflow, reducing bottlenecks, 
and improving overall efficiency, 
laboratories can handle a higher 
vo l u m e  o f  c yc l e s  w i t h o u t  
compromising quality. AI's ability 
to adapt to unexpected changes 
ensures that the laboratory can 
respond quickly to disruptions, 
maintaining smooth operations and 
minimizing delays. Additionally, AI 
optimizes the allocation of resources, 
ensuring that staff, equipment, 
and lab space are used efficiently, 
reducing waste, and enhancing 
productivity.

8. Challenges of AI application in 
IVF

The application of artificial intelligence 
(AI) in in-vitro fertilization (IVF) 
presents significant challenges that 
must be addressed before wide- 

93
spread clinical adoption . One 
major issue is the lack of large-
scale clinical validation. Many AI 
models in IVF are developed and 
tested on small, single-center 
datasets, which limits their 
generalizability. These studies are 
often conducted in highly controlled 
environments with relatively 
homogeneous patient populations, 
lacking diversity in real-world 
clinical settings. Without robust, 
multi-center, randomized controlled 
trials that validate these models 
across various patient demographics 
and clinical contexts, the efficacy 
and safety of AI-driven tools remain 
uncertain. For instance, while some 
studies suggest AI improves embryo 
selection accuracy, few provide long-
term outcome data, such as live 
birth rates or the health of children 
born through AI-guided IVF.

One reason for inconsistent 
findings across different centers is 
the lack of standardized recording 
and reporting practices. Variations in 
how data is collected, interpreted and 
reported can lead to discrepancies 
in AI performance and make it 
difficult to compare results across 
studies. For example, centers may 
use different criteria for evaluating 
embryo quality or success rates, 
which can influence AI model 
training and results. Establishing a 
consensus on standardized data 
collection, detailed recording of IVF 
outcomes, and uniform reporting 
protocols for AI applications in IVF 
would help ensure consistency and 
allow for more reliable cross-center 
comparisons. Such standardization 
would enable a more precise 
evaluation of AI's effectiveness across 
different clinical environments.
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Another significant challenge 
is bias in the datasets used to train 
AI models. AI relies heavily on 
historical data to identify patterns 

95and make predictions . If the data 
used to train these algorithms does 
not represent the broader population, 
it can introduce significant bias, 
resulting in inequitable treatment 
outcomes. For example, most AI 
models in IVF have been developed 
using data from predominantly 
Western populations, which may 
not accurately reflect the diversity 
of reproductive health issues across 
different ethnicities, age groups, or 
socio-economic backgrounds. This 
bias could lead to unequal success 
rates, where certain patient groups 
benefit more from AI-guided 
treatment than others. Addressing 
this requires the development of 
more diverse and representative 
datasets encompassing a more 
comprehensive range of patient 
demographics and regular auditing 
of AI systems to identify and correct 
bias. The failure to mitigate these 
biases risks perpetuating health 
disparities in reproductive medicine.

Data privacy and security are also 
critical concerns in the application 
of AI in IVF. Given that AI systems 
require access to large datasets, 
including sensitive personal and 
genetic information, the potential 
for data breaches or misuse is a 

96
significant ethical concern . Patients 
undergoing IVF are already in a 
vulnerable position, and the improper 
handling of their data could lead to 
privacy violations, discrimination, or 
other harm. Current regulatory 
frameworks such as the General 
Data Protection Regulation (GDPR) 
in Europe and the Health Insurance 
Portability and Account- ability Act 
(HIPAA) in the United States offer 
guidance on protecting patient 
information, but the use of AI 
necessitates even stricter protocols 
97,98,99

. The integration of AI into 
clinical practice demands robust 

encryption methods, secure storage 
solutions, and strict access controls 
to safeguard patient data at every 
stage of the process.

In addition to privacy concerns, 
ethical transparency remains a 
crucial challenge in AI-driven IVF. 
Many AI algorithms function as 
"black boxes," meaning that their 
decision-making processes are not 
easily interpretable by clinicians or 

100,101
patients . This lack of transparency 
can lead to challenges in clinical 
practice, where healthcare providers 
may struggle to explain or justify 
AI-driven recommendations to 
patients. For example, suppose an 
AI model suggests the selection of 
one embryo over another without 
a clear rationale. In that case, it 
may be difficult for clinicians to 
gain patient trust or confidence. 
Moreover, AI algorithms typically 
base their recommendations on 
statistical patterns rather than 
considering individual patient 
preferences, lifestyle factors, or 
other clinical nuances that human 
judgment might factor into 
decision-making. This can result in 
over-reliance on AI systems, where 
clinicians follow AI recommendations 
without thoroughly evaluating 
their relevance or applicability to 

96,102the patient's case . Developing 
more interpretable AI models and 
ensuring clinicians are trained to 
critically assess AI-generated outputs 
in the context of their professional 
expertise are essential.

Artificial intelligence (AI), machine 
learning (ML), and deep learning (DL) 
have the potential to significantly 
transform in-vitro fertilization (IVF) 
practices by providing objective, 
data-driven tools that enhance 
various stages of the IVF process. 
These technologies can personalize 
ovarian stimulation protocols, 
ensuring that each patient receives 

9. Conclusion

the most effective treatment based 
on their unique characteristics. By 
optimizing gamete selection 
through precise assessments of 
sperm and oocyte quality, AI can 
improve fertilization rates and 
embryo viability. Additionally, AI-
driven embryo selection can lead 
to higher implantation success rates, 
reducing the number of cycles 
required to achieve pregnancy and 
thus lowering the emotional and 

39financial burdens on patients . 
Integrating AI into quality control and 
workflow optimization further 
enhances the efficiency and 
effectiveness of IVF laboratories. AI's 
ability to continuously monitor and 
analyze key performance indicators 
(KPIs) helps maintain high standards 
and consistent outcomes. Moreover, 
AI-driven scheduling and resource 
management can streamline 
laboratory operations, minimizing 
delays and ensuring the timely 
handling of gametes and embryos.

Despite the promising benefits, 
the application of AI in IVF must be 
approached with careful consideration 
of ethical implications. Ensuring data 
privacy and security is paramount to 
protect sensitive patient information. 
AI algorithms must be trained on 
diverse datasets to avoid biases 
and ensure fairness and inclusivity 
in care. Regular audits and updates 
of AI models are necessary to 
maintain their accuracy and mitigate 
any emerging biases. Continued 
research and development are 
crucial to refine AI technologies 
further and validate their efficacy in 
clinical settings. Collaborative efforts 
between AI experts, reproductive 
endocrinologists, embryologists, 
and ethicists will be essential to 
address the challenges and maximize 
the potential of AI in IVF. By adhering 
to ethical standards and continuously 
improving AI applications, the IVF field 
can offer more effective, equitable, 
and efficient treatments, ultimately 
enhancing the overall success rates 
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and patient experiences in assisted 
reproductive technology.
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