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Association of immunity-related
gene SNPs with Alzheimer’s
disease

Nisrine Bissar1*, Rayan Kassir1, Ali Salami2 and Said El Shamieh3

1Department of Medical Laboratory Technology, Faculty of Health Sciences, Beirut Arab University,
Beirut, Lebanon, 2Faculty of Sciences (V), Lebanese University, Nabatieh, Lebanon, 3Molecular Testing
Laboratory, Department of Medical Laboratory Technology, Faculty of Health Sciences, Beirut Arab
University, Beirut, Lebanon

Abstract

Alzheimer’s disease (AD) is a prevalent neurodegenerative disorder

characterized by progressive cognitive decline. Genetic factors have been

implicated in disease susceptibility as its etiology remains multifactorial. The

CD33 and the HLA-DRB1 genes, involved in immune responses, have emerged

as potential candidates influencing AD risk. In this study, 644 Lebanese

individuals, including 127 AD patients and 250 controls, were genotyped, by

KASP assay, for six SNPs selected from the largest GWAS study in 2021. Logistic

regression analysis assessed the association between SNP genotypes and AD

risk, adjusting for potential confounders. Among the six SNPs analyzed,

rs1846190G>A in HLA-DRB1 and rs1354106T>G in CD33 showed significant

associations with AD risk in the Lebanese population (p < 0.05). Carriers of the

AG and AA genotypes of rs1846190 in HLA-DRB1 exhibited a protective effect

against AD (AG: OR = 0.042, p = 0.026; AA: OR = 0.052, p = 0.031). The GT

genotype of rs1354106T>G inCD33was also associatedwith reduced risk (OR=

0.173, p = 0.005). Following Bonferroni correction, a significant correlation of

rs1354106T > G with AD risk was established. Our results might highlight the

complex interplay between genetic and immunological factors contributing to

the development of the disease.

KEYWORDS

Alzheimer’s disease, immunity genes, Lebanese population, CD33, rs1354106

Impact statement

Neuroinflammation and innate immunity have recently emerged as important

contributors to AD pathology. GWAS studies pinpointed the association of

immunity-related gene SNPs, including, rs1354106T>G in CD33 rs1846190G>A in

HLA-DRB1, with AD. However, these studies were limited in the applicability to non-

European populations. Our study reports a significant association of rs1354106T>G with

AD in a Middle Eastern population, the Lebanese population, for the first time. This

further confirms association results and improves the equity of the previously generated

genetic information. On the other hand, the importance of our findings lies in providing
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further genetic support for the role of immunity-related genes

and SNPs in AD. Our study establishes the protective role of

rs1354106T>G SNP, in CD33, against AD, previously reported in

Sherva et al., 2014 [1] and highlights a potential protective effect

of rs1846190G>A in HLA-DRB1 against AD. These protective

variants could enhance AD risk assessment in asymptomatic

individuals and offer potential drug targets.

Introduction

Alzheimer’s disease (AD) is the most common

neurodegenerative disorder, leading to memory loss and

multiple cognitive impairments, and is the fourth leading

cause of death worldwide among the elderly population [2].

There are two main forms of AD: familial and sporadic [3].

Familial AD typically presents as autosomal dominant and

early onset (EOAD), in individuals under 65 years of age,

accounting for 1–5% of all cases. EOAD has been linked to

mutations in three genes, the presenilin 1 gene (PSEN1),

which is identified in up to 70% of cases with familial AD

cases; the presenilin 2 gene (PSEN2) and the Amyloid

precursor protein gene (APP) [4]. Sporadic AD, or late-

onset AD (LOAD) occurs in individuals older than

65 years, with age being the primary risk factor [5]. LOAD

is a complex disorder with several identified risk factors

including female sex, traumatic brain injury, depression,

environmental pollution, physical inactivity, social

isolation, low academic level, and metabolic syndrome [6].

Genetic susceptibility also plays a significant role, particularly

the ε4 allele of apolipoprotein E (APOE) [7]. The heritability

of LOAD is estimated to be between 60–80% [8]. AD is

associated with the presence of β-amyloid (Aβ)-containing
extracellular plaques and tau-containing intracellular

neurofibrillary tangles in the brains of patients [9].

However, the utility of Aβ as a biomarker for AD has

faced challenges, with its detection in about 30% of

cognitively normal elderly individuals and with the absence

of significant clinical improvements after removing Aβ from

the brains of AD patients [10–12]. Neuroinflammation,

triggered by pathological damage in the central and

peripheral nervous system, is recognized as a significant

contributor to AD pathogenesis [13]. This leads to the

release of proinflammatory cytokines, chemokines,

complement cytokines, and small molecule messengers like

prostaglandins, nitric oxide (NO), and reactive oxygen

species (ROS) [14]. In addition, persistently activated

microglia produce high levels of proinflammatory

cytokines and chemokines, leading to neuronal dysfunction

[15]. Furthermore, microglia are implicated in synaptic loss,

tau phosphorylation, and cognitive decline [16]. Genome-

wide association studies (GWAS) indicate that a large

percentage of AD risk genes are associated with innate

immunity and inflammation, highlighting the critical role

the immune system plays in AD pathology [17–19].

The cluster of differentiation 33 gene, CD33, on chromosome

19p13.3, is one of the top-ranked AD risk genes identified by

genome-wide association studies (GWAS) and has been

replicated in numerous genetic analyses [20, 21]. CD33

belongs to the sialic acid-binding immunoglobulin (Ig)-like

family and is a myeloid cell receptor, exclusively expressed by

myeloid cells and microglia. It has several functions in cell

adhesion, anti-inflammatory signaling, and endocytosis [22].

Clinical and biochemical evidence implicates CD33 in Aβ-
associated pathology by affecting microglia-mediated Aβ
clearance [23–25].

CD33 has been implicated in modulating AD susceptibility

and the pathology of late-onset Alzheimer’s Disease (LOAD)

[25–27]. Higher CD33 expression in the parietal lobe is shown to

be associated with more advanced cognitive decline or disease

status [24]. Other studies show that reduced expression of CD33

allows more efficient phagocytic clearance of pathogenic Aβ by

microglia and thus protects against AD [25].

HLA, located within the major histocompatibility complex

(MHC) on chromosome 6p21, consists of several highly

polymorphic and tightly linked genes [28]. Numerous

association studies have confirmed significant associations

between certain HLA gene variants within MHC class I and II

regions and AD [29]. The upregulation of HLA class II antigens is

widely accepted as a definitive marker of activated microglia,

which are implicated in the formation of lesions characteristic

of AD [30].

The mechanism by which HLA may contribute to

Alzheimer’s disease (AD) involves the recognition and

processing of pathological protein deposits, such as Aβ
peptides, by microglia. Once engulfed by microglia, these

proteins are broken down and presented to T lymphocytes in

conjunction with specific HLA class I or II molecules. This

process triggers B lymphocytes to produce antibodies against

Aβ peptides, while activated T lymphocytes target cells producing

excessive Aβ for elimination [31].While this immune cascade is a

natural defense mechanism against harmful protein

accumulation, excessive reactions may lead to detrimental

effects [32, 33]. Consequently, an immune response’s severity,

scope, and duration can vary depending on the expression of

HLA molecules. Individuals carrying certain pathogenic HLA

alleles are at a higher risk of developing specific immune-

mediated diseases compared to those lacking these alleles [34].

A large GWAS study, including 1,126,563 individuals 90,338

(46,613 proxy) cases and 1,036,225 (318,246 proxy) controls,

identified 38 AD risk loci including CD33 and HLA-DRB1 with

SNP variants (RS1354106T>G) and (RS1846190G>A)
consecutively [20]. In this report, we aimed to investigate the

correlation between these SNPs and AD in a sample of

644 Lebanese individuals, including 127 AD patients and

250 controls.
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Materials and methods

Study subjects

Blood samples were obtained from 644 Lebanese individuals,

out of whom, 127 participants were diagnosed with Alzheimer’s

disease (AD) by neurologists after memory and cognitive tests,

functional assessment, physical and neurological exams,

diagnostic tests, and brain imaging. Subjects with no

Alzheimer’s disease were 58 years or older, selected based on

the absence of personal or familial psychiatric or cognitive

impairment history, and with a Mini-Mental State

Examination (MMSE) score above 26 (Table 2). Participants

were recruited in accordance with the latest version of the

Declaration of Helsinki for Ethical Principles for Medical

Research Involving Human Subjects. Ethical approval was

obtained from the local IRB Clinical Research Ethics

Committee at Beirut Arab University. Each participant

underwent a thorough consent process, which included a

consent form and questionnaire.

SNP selection

Six SNPs were selected for inclusion in this study based on

findings from the largest GWAS study to date conducted by

Wightman et al. (2021). This GWAS involved a total of

1,126,563 individuals, comprising 90,338 cases (46,613 proxy)

and 1,036,225 controls (318,246 proxy), and identified a total of

38 risk loci, including seven previously unidentified loci.

The SNPs were chosen according to the function and role of

their genes in AD pathology. Since this study aims to focus on the

role of the immune system in AD, the three SNPs,

rs1846190G>A, rs1354106T>G, and rs1582763G>A, were

selected based on their respective immunity related genes

HLA-DRB1, CD33 and MS4A4A with well documented

association with AD [20, 21, 29, 35]. The remaining three

SNPs were selected according to a variety of other functions

of their respective genes. These are rs2154482G>T in APP gene, a

major player of the amyloidogenic pathway of AD pathogenesis

[36], rs3935067G>C in EPHA1AS 1 long noncoding RNA gene

with significant association with AD [37], rs7912495A>G in

ECHDC3, which is responsible for type 2 diabetes Mellitus-

related episodic memory impairment [38].

Genotyping

Genomic DNA was extracted from peripheral blood

leukocytes using FlexiGene® DNA kit (QIAGEN) according to

the manufacturer’s instructions. Genotyping was performed at

LGC group (Berlin, Germany) using KASP genotyping assay.

KASP is a homogeneous, fluorescence (fluorescence resonance

energy transfer) based assay that enables accurate biallelic

discrimination of known genetic variations such as SNPs and

insertions/deletions as describe previously [39].

Statistical analysis

All analysis was conducted using SPSS software version 24

(SPSS, Inc, Chicago, Illinois). All continuous variables were

expressed as mean ± standard deviation. Normality was tested

using Shapiro-Wilk test.

Association analysis of the six SNPs with
Alzheimer’s disease

A binary multiple logistic regression model was employed to

investigate the association between the presence of AD

(dependent variable, N = 377) and the genotypes of the six

SNPs, while adjusting for potential confounders. Covariates,

including age, gender, body mass index, educational level,

smoking status, and marital status, were selected based on

their established connections with AD and their potential to

introduce confounding effects into the SNP-disease

association analysis.

Results

The characteristics of all study participants are described

in Table 1. The average age is 61, with 37.4% being females. Of

612 participants, 28.1% had normal weight, 32.4% were

overweight, and 242 (39.5%) were obese. Education levels

varied also as 25.9% had no formal education, 59.0%

attended some school, 3.3% completed high school, and

12.0% attended university. Additionally, 38.1% of the

participants were smokers. Blood pressure and lipid

measurements were also recorded.

The characteristics of AD patients and controls are described

in Table 2. The mean age of AD patients (80.99 ± 7.94) was

significantly greater than the mean age of controls (70.06 ± 8.82)

(p < 0.001). Moreover, there were significant differences between

AD subjects and controls in terms of marital status, number

of smokers.

The SNP allele frequencies detected in our study showed

minimal variation from the allele frequencies in the Middle

Eastern populations (GnomAD) (Table 3). The minor allele

frequencies ranged from 0.23 to 0.49, suggesting that these

alleles were relatively common in the studied population. The

observed genotype frequencies of rs1846190G>A and

rs1354106T>G did not show significant deviations from the

Hardy-Weinberg equilibrium (HWE). AG and AA carriers of

the rs1846190G>A SNP had a decreased risk of AD (OR = 0.042,
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p = 0.026 and OR = 0.052, p = 0.031 respectively), indicating a

much lower likelihood of developing Alzheimer’s disease.

Likewise, the rs1354106GT genotype had a lower risk (OR =

0.173, p = 0.005) compared to the TT genotype, indicating a

significantly lower risk of Alzheimer’s disease in the studied

population.

Assessment of the association between the six SNPs and the

likelihood of developing AD, while adjusting for age, gender,

BMI, educational status and smoking showed a significant

association with AD for rs1846190G>A (AG; OR = 0.042, P =

0.026 and AA; OR = 0.052, P = 0.031) in HLA-DRB1 and

rs1354106T>G (GT; OR = 0.173, P = 0.005) in CD33

(Table 4). When applying Bonferroni correction, only

rs1354106T>G in CD33 remained significant thus showing a

robust association with AD.

Discussion

In our study, among the six SNPs analyzed, only

rs1846190G>A, a regulatory region variant in HLA-DRB1, and

rs1354106T>G, an intron variant in CD33, showed a significant

association with AD in the Lebanese population. Following

Bonferroni correction, only rs1354106T>G in CD33 remained

TABLE 1 Characteristics of all study participants.

Participants (n = 644)

Meana SDb

n = 638 Age (years) (n = 638) 60.834 18.715

n = 639 Gender n (female %) 239 (37.4)

n = 612 Body mass index (kg/mb) 28.971 6.313

Normal weight (<25) n (%) 172 (28.1)

Overweight (25-29.9) n (%) 198 (32.4)

Obesity (≥30) n (%) 242 (39.5)

n = 429 Educational level

None n (%) 111 (25.9)

School n (%) 253 (59.0)

High School n (%) 14 (3.3)

University n (%) 51 (11.9)

n = 544 Smoking n (%) 207 (38.1)

N = 377 Alzheimer n (%) 127 (33.7%)

n = 326 SBP (mmHg) 12.379 6.093

n = 323 DBP (mmHg) 7.885 10.050

n = 291 Hypertension n (%) 118 (40.5)

n = 182 Triglyceride (mg/dL) 147.577 78.687

High triglycerides levels n (%) (≥150) 65 (35.7)

n = 184 Total cholesterol (mg/dL) 173.087 45.739

High total cholesterol levels n (%) (≥190) 64 (34.8)

n = 180 HDL-C (mg/dL) 44.982 23.489

n = 179 Low HDL-C levels n (%) (≤50 F, ≤40 M) 105 (58.7)

n = 177 LDL-C (mg/dL) 108.992 83.662

High LDL-C levels n (%) (≥115) 67 (37.9)

aMean value for continuous variables and a percentage for categorical variables.
bSD, standard deviation (only for continuous variables).

LDL-C, low-density lipoprotein cholesterol; HDL-C, high-density lipoprotein cholesterol; SBP, systolic blood pressure; DBP, diastolic blood pressure.
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significant, which highlights the potential importance of this gene

in the pathogenesis of AD.

SNPs have the potential to alter CD33’s expression level,

structure, and function, altering how microglia clear amyloid β
[25, 40, 41]. Two previously reported SNPs in CD33,

rs3865444 and rs12459419, have shown a protective effect

against AD [42]. The protective allele of the rs3865444, located

in the promotor region, plays a role in the reduction of both CD33

expression and insoluble Aβ42 levels in AD brain, especially in the

microglial cells [25]. Similarly, rs12459419, located in exon 2, and

in linkage disequilibrium with rs3865444, exhibits a protective

effect by enhancing exon skipping and promoting the production

of a short isoform of CD33, known as human CD33m [43]. Recent

studies using cell and animal models have highlighted the

functional significance of human CD33m, as a gain-of-function

variant that enhances Aβ1–42 phagocytosis in microglia [41].

Conversely, a recent computational analysis investigating the

3D structures of CD33 with rs2455069 A>G SNP suggests a

potential increase in the risk of Alzheimer’s disease. The study

proposes that over time, the CD33-R69G variant, which binds to

sialic acid, could boost CD33’s ability to inhibit the breakdown of

amyloid plaques [44].

Our study further explored the association of rs1354106 T>G
with AD, revealing a protective effect in Lebanese patients (GT; O.

R = 0.173 CI = 0.058–0.586, P = 0.005). This finding notably aligns

with the findings from a previous study which utilized a Bayesian

longitudinal low-rank regression (L2R2)model to explore the impact

of single nucleotide polymorphisms (SNPs). Their results revealed

that rs1354106 was associated with a reduced rate of decline in the

ADassessment scale cognitive score [1].Moreover, in the same study,

the effect of this SNP on the longitudinal trajectories of the

hippocampi was investigated. Results revealed that the minor

allele significantly slowed hippocampal atrophy compared to the

major allele. This suggests a potential protective effect associated with

theminor allele of rs1354106 in patients withAlzheimer’s disease and

mild cognitive impairment [45]. This is validated by our findings,

which indicated a protective role of the rs1354106 T>G in Lebanese

AD patients (GT; O. R = 0.173 CI = 0.051–0.586, P = 0.005).

The association between HLA gene variants and Alzheimer’s

disease (AD) risk has been extensively explored across diverse

populations. Our study on the Lebanese population, first revealed

a protective effect of rs1846190G>A, of HLA-DRB1 but the

association did not stand after Bonferroni correction. HLA-DRB1

13:02 protects against age-related neural network deterioration and

mitigates the deleterious effects of apoE4 on neural network

functioning [46]. Furthermore, a recent study, conducted on the

Japanese population, identified a significant association between the

HLA-DRB109:01-DQB1*03:03 haplotype and LOAD risk in APOE

ε4–negative individuals [47].Moreover, studies have emphasized the

protective function of HLA-DRB1*04 against AD, as its presence is

correlated with lower CSF tau levels and fewer neurofibrillary tangles

in AD subjects [48]. Conversely, HLA-DRB1*03 was identified as a

risk factor for late-onset AD (LOAD) in the German population

[31]. Additionally, the SNP rs9271192 in HLA-DRB5–DRB1 region

has been found to influence AD risk through large meta-analyses of

genome-wide association studies (GWAS) in Caucasian populations

[48]. These findings have been replicated successfully in two large-

scale studies conducted on the Chinese population [49, 50].

TABLE 2 Characteristics of AD patients and controls.

Control Alzheimer P-value

N mean ±
SD

N mean ±
SD

Age (y) 250 70.06 ± 8.82 127 80.99 ± 7.94 <0.001

Sex female
male

N
98
150

%
71.5
63.0

N
39
88

%
28.5
37.0

0.094

Educational
level

none
School

High school
university

43
85
5
12

29.7
58.6
3.4
8.3

46
61
0
15

37.7
50.0
0
12.3

0.056

Marital
status

single
Married
Divorced
widowed

1
72
43
30

0.7
49.3
29.5
20.5

29
58
6
30

23.6
47.2
4.9
24.4

<0.001

Smoker no
Yes

131
77

63.0
37.0

87
28

75.7
24.3

0.025

TABLE 3 The loci, allele frequencies, and genetic effects of the six SNPs in this study.

SNP Position (GRCh38.p14) MAF Population Frequency Gene Consequence

rs1846190G>A 6:32616036 0.24 0.2279 HLA-DRB1 Intron variant

rs3935067G>C 7:143407238 0.37 0.3844 EPHA1-AS1 2KB Upstream Variant

rs7912495A>G 10:11,676,714 0.47 0.4728 ECHDC3 Non Coding Transcript Variant

rs1582763G>A 11:60254475 0.42 0.4252 MS4A4A Intron variant

rs1354106T>G 19:51234736 0.23 0.3129 CD33 Intron variant

rs2154482G>T 21:26148613 0.49 0.4863 APP Intron variant

SNP, single nucleotide polymorphism; MAF, minor allele frequency.
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A recent study examined global cortical amyloid PET burden,

incorporating the 38 gene variants, from the GWAS study, using

PRSice-2, to assess overall phenotypic variance in two cohorts [20].

The analysis revealed a strong association between AD risk variants

(such asAPOE, PICALM, CR1, andCLU) and amyloid PET levels in

both cohorts. Importantly, neither CD33 rs1354106T>A nor HLA-

DRB1 rs1846190G>A demonstrated an association with amyloid

PET levels in this study [51]. This underscores the alignment of our

findings with existing evidence concerning the protective effect of

both variants against Alzheimer’s disease risk.

In conclusion, understanding protective variants could

refine AD risk assessment in asymptomatic individuals,

aiding AD prevention. Furthermore, identifying genetic

variants that confer protection via a loss-of-function or

gain-of-function offers potential drug targets. Most drug

candidates never reach the clinic, but those with the same

mechanism as protective variants have a higher success rate.

Our current study has provided convincing statistical support

for an association between CD33 polymorphisms and LOAD.

Specifically, the carriage of GT alleles rs1354106 T>G in CD33

is linked to a protective effect against LOAD in the Lebanese

Population. The main limitation of this study is the sample

size used, probably affecting the statistical significance of

rs1846190 SNP and HLA-DRB1 association with AD after

Bonferroni correction. Further investigations involving larger

sample sizes and diverse ethnic groups are needed to validate

the role of rs1354106 and examine the potential role of

rs1846190 in LOAD.
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TABLE 4 Multiple Logistic Regression analysis of risk factors with
Alzheimer’s disease.

Alzheimer’s diseases (N = 377)

Or (95% C.I.) p

Age 65–69 1 0.435

70–74 2.245 (0.294–17.130)

75–79 2.233(0.388–12.836) 0.368

>80 4.341(0.792–23.803) 0.091

Gender Male 1

Female 0.629(0.203–1.956) 0.424

BMI <25 1

25–29.9 1.962(0.577–6.673) 0.281

≥30 0.245(0.040–1.532) 0.133

Educational level None 1

School 0.729(0.231–2.298) 0.589

High School 5.418(0.652–45.040) 0.118

University - -

Smoking No 1

Yes 0.388(0.103–1.454) 0.161

rs1846190 in HLA-DRB1 GG 1

AG 0.042(0.003–0.681) 0.026

AA 0.052(0.004–0.763) 0.031

rs3935067 in EPHA1-AS1 GG 1

GC 0.536(0.153–1.876) 0.329

CC 2.959(0.497–17.625) 0.234

rs7912495 in ECHDC3 AA

AG 0.498(0.136–1.829) 0.293

GG 0.581(0.101–3.331) 0.543

rs1582763 in MS4A4A GG

AG 1.855(0.534–6.441) 0.331

AA 3.332(0.640–17.349) 0.153

rs1354106 in CD33 TT 1

GT 0.173(0.051–0.586) 0.005

GG 0.233(0.024–2.270) 0.210

rs2154482 in APP TT

GT 3.658(0.796–16.817) 0.096

GG 1.740(0.300–10.074) 0.537
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Abstract

This study explores the feasibility of quantitative Optical Coherence

Tomography Angiography (OCTA) features translated from OCT using

generative machine learning (ML) for characterizing vascular changes in

retina. A generative adversarial network framework was employed alongside

a 2D vascular segmentation and a 2DOCTA image translationmodel, trained on

the OCT-500 public dataset and validated with data from the University of

Illinois at Chicago (UIC) retina clinic. Datasets are categorized by scanning range

(Field of view) and disease status. Validation involved quality and quantitative

metrics, comparing translated OCTA (TR-OCTA) with ground truth OCTAs (GT-

OCTA) to assess the feasibility for objective disease diagnosis. In our study, TR-

OCTAs showed high image quality in both 3 and 6mmdatasets (high-resolution

and contrast quality, moderate structural similarity compared to GT-OCTAs).

Vascular features like tortuosity and vessel perimeter index exhibits more

consistent trends compared to density features which are affected by local

vascular distortions. For the validation dataset (UIC), the metrics show similar

trend with a slightly decreased performance since the model training was blind

on UIC data, to evaluate inference performance. Overall, this study presents a

promising solution to the limitations of OCTA adoption in clinical practice by

using vascular features from TR-OCTA for disease detection. By making

detailed vascular imaging more widely accessible and reducing reliance on

expensive OCTA equipment, this research has the potential to significantly

enhance the diagnostic process for retinal diseases.
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Impact statement

This study represents a significant advancement in retinal

imaging by demonstrating the feasibility of using generative

machine learning to translate OCT features into OCTA

features, addressing a critical gap in clinical practice. By

employing a generative adversarial network framework trained

on diverse datasets, the research establishes quantitative features

in Translated OCTA. This innovation enhances the ability to

objectively diagnose retinal diseases by providing reliable

vascular imaging without the need for costly OCTA

equipment. The findings reveal that vascular features from

TR-OCTA, such as tortuosity and vessel perimeter index,

offer more consistent diagnostic trends compared to

traditional density features. This new information has the

potential to transform retinal disease diagnostics, making

detailed vascular imaging more accessible and cost-effective,

thereby improving patient outcomes and broadening the

adoption of advanced imaging techniques in routine

clinical settings.

Introduction

Optical Coherence Tomography (OCT) is a cutting-edge

medical imaging technology that has revolutionized our ability

to observe and comprehend the complex structures of biological

tissues. It is non-invasive and capable of providing highly

detailed in-depth retinal pathologies. It generates high-

resolution cross-sectional images of tissues using low-

coherence light, therefore has been widely adopted in

ophthalmic clinical care [1]. As a result, OCT has been

demonstrated for early identification and monitoring of

various retinal illnesses including diabetic retinopathy (DR),

age-related macular degeneration (AMD) and glaucoma that

cannot be obtained by any other non-invasive diagnostic

technique [2–8].

The rapid development of OCT, growing interest in this field,

and its increasing impact in clinical medicine has contributed to

its widespread availability. However, due to its non-dynamic

imaging technology, conventional OCT cannot visualize blood

flow information such as blood vessel caliber or density and

remains only limited to capturing structural information [2, 9].

As a result of this information gap, OCT angiography (OCTA)

was developed which can produce volumetric data from

choroidal and retinal layers and provide both structural and

blood flow information [10, 11]. OCTA provides a high-

resolution image of the retinal vasculature at the capillary

level, allowing for reliable detection of microvascular

anomalies in diabetic eyes and vascular occlusions. It helps to

quantify vascular impairment based on the severity of retinal

diseases. In recent years, OCTA has been demonstrated to

identify, detect, and predict DR [12–19], AMD [20–22],

Glaucoma [23] and several other retinal diseases [24–31].

Despite the advantages, widespread deployment of OCTA has

been limited due to the high device cost [32, 33]. The additional

requirements of hardware and software for an OCTA device pose

a financial burden for clinics as well as patients This is one of the

major reasons that only a limited number of hospitals and retinal

clinics use OCTA for in-depth retinal vascular analysis. Another

limitation of OCTA is the process of generating an OCTA scan,

which takes longer time and involves repetitive scanning of the

retina making the data acquisition harder due to involuntary eye

movements and motion artifacts, reducing the quality of OCTA

images [33]. Due to the limitation of OCTA data, most studies

involving OCTA based imaging biomarkers and involving the

use of artificial intelligence (AI) are difficult to validate

extensively for future clinical deployment.

From literature, a potential solution to this problem can be

the utilization of AI and machine learning (ML) to produce

OCTA images from the already available OCT data which has

been showing promising outcomes [34–39]. Incorporating ML

for OCTA translation from OCT offers significant advances in

ophthalmic diagnostics by increasing angiographic and

functional information in existing OCT data. This transition

harnesses ML’s capability to autonomously analyse OCT scans

and generate detailed vascular images, traditionally obtained

through OCTA, aligned with OCT information. By doing so,

it substantially lowers the barriers to accessing high-resolution

vascular imaging, which is crucial for diagnosing and monitoring

retinal diseases and provides a robust detection system.

Furthermore, ML dependent approaches alleviate some of

OCTA’s limitations, including its high cost, susceptibility to

artifacts from patient movement and the extensive time

required for image acquisition.

Different studies have been reported [40–42] attempting to

leverage ML algorithms for generative-adversarial learning,

typically utilizing a UNet for image translation in recent

years. However the quality of the translated OCTA (TR-

OCTA) is usually sub-optimal and the retinal vascular areas

are not refined enough. The first application of this approach was

reported by Lee et al., 2019 [34] to train an algorithm to generate

retinal flow maps from OCT images avoiding the needs for

labelling but it was limited to capture higher density of deep

capillary networks. According to some recent studies [35–37],

incorporating textual information or surrounding pixels, it is

possible to improve the OCTA image quality. Le et. Al [39]

proposed another approach incorporating spatial speckle

variance and generative AI, however, it requires OCT/OCTA

data from custom devices. In this paper, we adopt and implement

a generative-adversarial learning framework-based algorithm

demonstrated by Li et al [36] for translating OCT data into

OCTA. The focus of this study is to demonstrate the feasibility of

using such TR-OCTA image generated vascular features (Blood

Vessel Density (BVD), Blood Vessel Caliber (BVC), Blood Vessel

Tortuosity (BVT), Vessel Perimeter Index (VPI)) for disease
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detection. We compare these OCTA features with ground truth

(GT) – OCTAs. The quality of the TR-OCTAs were compared

with features such as Structural Similarity IndexMeasure (SSIM),

Fréchet Inception Distance (FID) and patch-based contrast

quality index (PCQI). From our observation and statistical

analysis, we found that overall, the SSIM values indicate a

moderate level of structural similarity between TR-OCTA and

GT-OCTA images, with some variability across different patient

categories and scan range however PCQI scores are quite close

for both dataset and some deviation in FID scores is noticeable. It

was observed that the model generally achieved a slightly better

performance in depicting normal and pathological retinal

features for the 3 mm scans compared to the 6 mm. However,

across both field of view (FoV), there were slight discrepancies in

quantitative vascular metrics such as BVD, BVC and VPI,

highlighting areas where the translation model could be

further refined. This analysis underscores the potential of

using AI-driven translation models for OCTA image analysis,

while also pointing to the need for improvements to enhance the

accuracy of vascular feature representation, particularly at

varying FoV.

Materials and methods

The overall methodology of our feature extraction pipeline is

demonstrated in Figure 1. We first translate OCT data into

OCTA (using algorithm demonstrated by Li et. al [36]) and

quantify the retinal features in both GT and TR-OCTAs for

validation.

Translation algorithm

We adopted and implemented the OCT to OCTA translation

algorithm from Li et al [36]. We describe the process here briefly.

The process of OCTA translation fromOCT images is carried out

in 3 steps (Figure 1): (a) generating 3D OCTA volumes from

paired 3D OCT volumes using conditional generative adversarial

network (GAN), (b) improving image quality by focusing only

the vascular regions, utilizing the 2DVSeg model, thorough

vascular segmentation, (c) preserving contextual information

for better quality translated images through a 2D translation

model (2DTR) generating 2D paired OCTA maps. The baseline

architecture of the translation model is built upon pix2pix, an

image translation model [41]. The aim of the model is primarily

to translate OCT volumes to its paired OCTA volume as closely

as possible to the original clinical images. [4] The framework

includes a 3D GAN where the 3D generator takes a 3D OCT

volume as its input and outputs a corresponding TR-OCTA

volume. a 3D discriminator is used to effectively distinguish

between the original (ground-truth) OCTA volumes and the

generated ones. An adversarial loss is used to train both the

generator and discriminator. Furthermore, to calculate for each

pixel difference between TR-OCTA and GT-OCTA, a distance

loss is considered. The framework also uses a 2D vascular

segmentation model (Figure 2A) to help with the improved

quality of the vascular regions by utilizing OCTA reflected

vascular data by focusing on the vascular areas during the 3D

volume translation process.

This model also utilizes a 2D generative translation model

(Figure 2B) to build heuristic (suboptimal) 2D OCTA projection

maps from their corresponding OCT that can provide heuristic

contextual information where output values are affected by the

surrounding pixels resulting in outputs with additional

contextual information.

Comparative feature analysis

The generated TR-OCTA maps were compared on several

quantitative features to the GT projection maps for comparison:

BVD, BVC, BVT, and VPI. Also, for qualitative comparison:

SSIM, FID and PCQImetrics were used to quantify the translated

image quality and similarity to GT OCTA maps. All the metrics

evaluation were performed using MATLAB and Python. Feature

FIGURE 1
Framework of OCT to OCTA translation and characterization
of quantitative features.
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values were calculated separately for 3 mm and 6 mm across

different patient groups and compared between the OCT500 and

UIC datasets. A two-tail t-test was carried out for each feature to

compare if there is a significant difference between the TR-

OCTA and GT-OCTA values with a p value <0.05.

Metrics and features

Similarity metrics
We used three metrics to compare GT and TR-OCTAs, as

described below:

SSIM: SSIM or Structural Similarity Index Measure, is a

method for measuring the similarity between two images.

SSIM is based on the perception of the human visual system

and it considers changes in structural information, luminance

and contrast. The idea is that pixels have strong inter-

dependencies, especially when they are spatially close. These

dependencies carry important information about the structure of

the objects in the visual scene.

FID: FID score is a metric used to evaluate the quality of

images generated by models, such as those produced by GANs. It

measures the similarity between two sets of images, typically

between a set of generated images and a set of real images, by

comparing the statistics of their features extracted by a pre-

trained Inception model [43]. The FID score calculates the

distance between the feature vectors of the real and generated

images, using the Fréchet distance (also known as the

Wasserstein-2 distance). A lower FID score indicates that the

distribution of the generated images is closer to the distribution

of the real images, suggesting higher quality and more

realistic images.

PCQI: PCQI is another metric designed to assess the quality

of images by focusing on local contrast changes, which are crucial

for visual perception, especially in textured regions [44]. Unlike

many traditional image quality metrics that evaluate images

globally, PCQI operates on small, localized patches of an

image, making it particularly effective at capturing and

evaluating detailed contrast differences between a reference

image and a test image. PCQI calculates the quality score

based on three main aspects: patch similarity, contrast

distortion, and mean luminance change, within these localized

regions. The final score is a weighted sum of these aspects,

providing a single quality metric that reflects how perceptually

close the test image is to the reference image in terms of local

contrast and brightness. A higher PCQI score indicates a better

match between the test and reference images, suggesting less

contrast distortion and more accurate reproduction of the

original image’s visual quality.

Quantitative OCTA features
We characterized three vessel and one density based features

(Equations 1–4), as described below:

BVD: BVD or vessel area density (VD) [45], is the ratio of the

blood vessels to the total area measured and can be utilized for

identifying early detection of retinal pathologies including DR

[46, 47], AMD [48, 49] etc.

BVD � vascular area

total area
(1)

BVC: BVC, also named as vessel diameter index [50], is

calculated as the ratio of vessel area to the vessel length [12]. BVC

distortion can be used to quantify retinal vascular shrinkage and

is typically observed in different retinopathies such as diabetic

retinopathy (DR) [51].

BVC � vascular area

vascular length
(2)

BVT: BVT is defined as a measure of degree of vessel

distortion [26, 52]. During any retinal pathologies, distorted

vessel structures can affect the blood flow efficiency and can

be measured as:

BVT � 1
n
∑

geodesic distance between endpoints for a vessel branch

euclidean distance between endpoints for a vessel branch

(3)
here, n = total number of vessel branches.

VPI: VPI [52] is measured as the ratio of the contour length

of the vessel boundaries or vessel perimeter to the total vessel area

and has been used for detection of DR and sickle cell

retinopathy (SCR) from.

OCTA images:

VPI � overall contour length of blood vessel boundaries

total blood vessel area
(4)

Statistical Analysis: We performed statistical analysis based

on the selected features to quantify the TR-OCTA and measure

the quality of the translation. This analysis will help us improve

the accuracy and efficiency of the TR-OCTA translated fromGT-

OCT and GT-OCTA.

Results

Dataset

We used 2 datasets for our study, a public dataset of

500 patients containing paired 3D OCT and OCTA volumes,

OCTA-500 [53] and a dataset of DR patients collected from UIC

with 445 scans containing OCT volumes and OCTA projections.

OCT500 dataset is divided into 2 subsets according to their

FoV (Field of view), 3 mm and 6 mm. The translation algorithm

is applied separately to the two subsets for comparison. The

datasets are further divided into different diseased patients and

normal patients for quantitative feature comparison. The 3 mm

dataset contains 6 AMD patients, 5 Choroidal neovascularization
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(CNV) patients, 29 DR and 160 Normal patients who are

compared statistically after evaluating the feature values. The

3 mm set contains paired OCT and OCTA volumes from

200 patients with a field of view (FOV) 3 mm × 2 mm ×

3 mm. Each volume has 304 slices with a size of 640px ×

304px. The generated projection map is of 256px × 256px

size. The whole dataset is divided into a 70-25-5% split: 140,

10, and 50 volumes for training, validation and test sets

respectively. Similarly, the 6 mm set contains paired OCT and

OCTA volumes from 300 patients with FOV of 6 mm × 2 mm ×

6 mm. Each volume is of size 640px × 400px, containing

400 slices and generated projection maps are of size 256px ×

256px. Similar to 3 mm set: 180, 20, and 100 volumes are split as

training, validation and test sets. The 6 mm dataset contains

43 AMD, 11 CNV, 14 Central serous chorioretinopathy (CSC),

35 DR, 10 Retinal vein occlusion (RVO), 91 Normal and 96 other

retinal pathology-affected patients for which a similar statistical

evaluation is carried out and feature values are calculated.

UIC data and image acquisition
The UIC study was approved by the institutional review

board of the University of Illinois at Chicago and was in

FIGURE 2
(A) 2D vascular segmentation model, (B) 2D Translation model.
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compliance with the ethical standards stated in the

Declaration of Helsinki. The patients with DR were

recruited from UIC Retinal Clinic. We performed a

retrospective study of consecutive diabetic patients (Type

II) who underwent OCTA and OCT imaging. The patients

are thus representative of a university population of diabetic

patients who require imaging for management of diabetic

macular edema and DR. OCT/OCTA images of both eyes of

every patient were collected. We excluded subjects with

macular edema, previous vitreous surgery, and history of

other eye diseases. All patients had undergone a complete

anterior and dilated posterior segment examination (J.I.L.).

The patients were classified by severity of DR (mild,

moderate, and severe) according to the Early Treatment

Diabetic Retinopathy Study staging system. The grading

was done by retina specialist who used a slit-lamp fundus

lens for the diagnosis. OCT/OCTA data were acquired using

an ANGIOVUE spectral domain OCTA system (Optovue,

Fremont, CA), with a 70-kHz A-scan rate, an axial an axial

resolution of 5 μm, and a lateral resolution of 15 µm. All the

OCTA images were macular scans and had field of view of

6 mm. We exported the OCTA images from the software

ReVue (Optovue) and used custom-developed software in

Python OpenCV for further image analysis, feature

extraction, and image classification.

The UIC dataset contains 445 OCT scans from 41 patients

with different DR conditions: control, mild, moderate and severe.

The scans were selected based on signal strength Q ≥ 5 for this

study. Similar to OCT500, this dataset has both 3mm (187 scans)

and 6 mm (258 scans) scans for different stages of DR: Control,

Mild, Moderate and Severe. For 3 mm FOV, we used 35 scans for

Control group, 118 for Mild, 37 for Moderate and 97 for Severe.

On the other hand, for 6 mm, the set included 59 for Control,

143 Mild, 69 Moderate and 123 Severe scans for comparison.

3 mm slices are of size 640px × 304px and 6 mm slices are mostly

of 640px × 400px with some mixed 640px × 304px scans which

are used to generate 256px × 256px OCTA slices. Some patients

were listed in multiple categories therefore, scans of those

patients were included in multiple categories before feature

evaluation.

Comparative analysis of similarity and
OCTA features

The algorithm for TR-OCTA generation was exclusively

trained only on OCT500 and tested on the UIC dataset for

feature quantification and comparison. Figures 3A–H depicts

GT-OCTA and generated TR-OCTA images at 3 mm and 6 mm

scan range from diseased as well as normal patients for

FIGURE 3
GT and TR-OCTA images for NORMAL (A, E), DR (B, F), CNV (C, G) and AMD (D, H) patients fromOCT500. (A–D) images are of 3mm and (E–H)
are of 6 mm. Similarly (I–P) are OCTA images from UIC dataset. (I, M) from Control, (J, N) from Mild, (K, O) from Moderate and (L, P) from Severe
group for 3 mm and 6 mm respectively.
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OCT500 while Figures 3I–P represent the images for UIC dataset

across various patient categories.

OCT500 3 mm dataset has AMD (6), CNV (5), DR (29) and

NORMAL (160) patients totalling 200 patients, while 6 mm

dataset includes AMD (43), CNV (11), CSC (14), DR (35), RVO

(10), OTHER retinopathies (96) and NORMAL (91) patients

totalling 300. Two-tail T-tests were carried out (p < 0.05) between

GT and TR-OCTAs for BVD, BVC, BVT and VPI (3 mm

complete dataset). The results indicate that BVD and BVC

have p-values close to 0.5, suggesting that there is no

significant difference between these features in the GT and

TR-OCTA values (Table 1). This means that these features

can be used for effective disease classification. Upon

evaluating quality metrics for the datasets (Tables 2, 3), mean

SSIM for 3 mm was found to be slightly higher (0.48) than 6 mm

dataset showing SSIM ranging from 0.16–0.52 with a mean of

0.42. SSIM values were also calculated for different patient

statuses in both datasets. For the 3 mm dataset: AMD patients

show a slightly lower mean SSIM, DR dataset on the other hand

reveals a higher mean SSIM compared to other patient groups.

However, for 6 mm: AMD, CNV, CSC, patients with other

retinopathies and Normal group showed a close SSIM mean

value except for DR patients with a slightly higher mean SSIM

(0.43) and RVO patients, a lower mean SSIM of 0.36 (Table 2).

Furthermore, The FID score for the 3 mm dataset was lower

(35.88) compared to the 6 mm dataset, which had a higher FID

score of 49.06. On the other hand, PCQI scores were comparably

high for both datasets with the 3 mm set slightly outperforming

the 6 mm (Table 3). All these feature values were also calculated

for the complete dataset and separately for different diseased and

normal patients for comparative analysis (Table 4). BVD and

BVT values from 3 mm show some trend among Normal and

AMD, CNV, DR groups which is mimicked by the TR-OCTA

(Figures 4A–D). Overall, TR-BVC, TR-VPI, TR-BVT, and TR-

BVD values (Figure 5) are concentrated within a specific range

and closer to the GT values for each feature respectively. For

BVD, some outliers are further away from the lowest value of the

BVD range which is consistent with the findings from the

categorized distribution of feature values (Supplementary

Figures S1A–D).

Similarly, for the complete 6 mm dataset we performed

T-tests (p < .05) for BVD, BVC, VPI and BVT but only BVD

was found to have statistically similar values for both TR-OCTA

and GT-OCTA images (Table 1). The 6 mm dataset contained

TABLE 1 Two-tail t-test between GT-OCTA and TR-OCTA for OCT500 and UIC datasets.

Quantitative
Features

OCT500 3 mm (p< .05) OCT500 6 mm (p < .05) UIC 3 mm (p < .05) UIC 6 mm (p < .05)

BVD 0.48 0.58 1.7 e−31 4.91 e−15

BVC 0.45 1.35 e−52 7.14 e−115 1.5 e−106

BVT 1.1 e−7 0.006 1.54 e−41 6.76 e−14

VPI 1.36 e−22 8.26 e−31 3.89 e−5 .040

TABLE 2 SSIM values for 3 mm and 6 mm from both OCT500 and UIC.

SSIM
(OCT500)

Complete AMD CNV DR NORMAL CSC RVO Others

3 mm 0.4835
(0.29–0.60)

0.4513
(0.29–0.55)

0.4754
(0.44–0.52)

0.4923
(0.29–0.59)

0.4834
(0.34–.60)

- - -

6 mm 0.4175
(0.16–0.52)

0.4102
(0.30–0.50)

0.4224
(0.38–0.45)

0.4329
(0.35–0.52)

0.4212
(0.25–0.49)

0.4140
(0.32–0.45)

0.3664
(0.26–0.43)

0.4169
(0.16–0.51)

SSIM (UIC) Complete Control Mild Moderate Severe

3 mm 0.2808 (0.13–0.39) 0.3188 (0.21–0.38) 0.2961 (0.14–0.35) 0.2914 (0.13–0.39) 0.2647 (0.13–0.39)

6 mm 0.2952 (0.12–0.38) 0.2820 (0.12–0.36) 0.2966 (0.19–0.37) 0.2920 (0.12–0.38) 0.2679 (0.12–0.37)

TABLE 3 FID and PCQI scores for the complete datasets of
OCT500 and UIC.

OCTA dataset (OCT500) FID PCQI (mean, SD)

3 mm 35.88 0.99795 (0.000457)

6 mm 49.06 0.99778 (0.000539)

OCTA Dataset (UIC) FID PCQI (Mean, SD)

3 mm 150.34 0.99546 (0.000737)

6 mm 107.74 0.99555 (0.000606)
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central serous chorioretinopathy (CSC), retinal vein occlusion

(RVO) and other retinal pathologies that were absent in the

3 mm dataset (Figures 4E–H). In a comparative analysis

(Table 5), BVD for RVO and BVT for AMD patients shows

a larger deviation compared to other cases when calculated.

Also, BVD and BVT values for translated image follow the

trend set by the GT-OCTA. However, BVC, BVT, and VPI

were measured having closer values in all cases. When plotted,

the distribution of the feature values for TR-OCTA and GT-

OCTA, similar to the 3 mm dataset, BVC, VPI and BVD show

more outliers compared to BVT and the distribution is similar

to the 3 mm dataset. Supplementary Figures S1E–K exhibits

feature value distribution for AMD, CNV, CSC, DR, RVO,

other retinal pathologies and normal patients and a similar

TABLE 4 Statistical analysis of TR-OCTA compared to GT-OCTA for 3 mm dataset from OCT500.

OCTA
Dataset

Dataset (no. Of patients) BVD (mean, SD) BVC (mean, SD) BVT (mean, SD) VPI (mean, SD)

TR-OCTA Complete (200) 212.31 (29.93) 22.80 (0.81) 1.086 (0.006) 26.91 (5.47)

GT-OCTA 210.22 (29.04) 22.75 (0.41) 1.089 (0.006) 31.43 (2.35)

TR-OCTA AMD (6) 213.73 (20.05) 22.45 (1.03) 1.087 (0.009) 29.24 (1.91)

GT-OCTA 205.46 (26.45) 22.91 (0.39) 1.09 (0.003) 29.69 (1.63)

TR-OCTA CNV (5) 228.53 (22.36) 22.34 (1.04) 1.087 (0.003) 26.36 (3.7)

GT-OCTA 224.22 (16.47) 22.90 (0.53) 1.089 (0.005) 30.26 (2.55)

TR-OCTA DR (29) 209.07 (27.51) 23.12 (0.71) 1.080 (0.007) 26.92 (4.32)

GT-OCTA 210.80 (34.82) 23.14 (0.42) 1.087 (0.005) 28.25 (3.55)

TR-OCTA NORMAL (160) 212.34 (30.86) 22.77 (0.81) 1.086 (0.006) 26.84 (5.79)

GT-OCTA 209.86 (28.39) 22.67 (0.37) 1.089 (0.006) 32.11 (1.41)

FIGURE 4
Feature values for different patient groups from both OCT500 and UIC. (A–D) show feature trend of 3 mm for OCT500, (E–H) for OCT500
6 mm, (I–L) UIC 3 mm and (M–P) UIC 6 mm dataset.
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trend of BVD feature having more outliers is observed for

diseased as well as normal patients in comparison to other

features except RVO.

For UIC dataset Table 2, 3 summarize the qualitative metrics

and Tables 6, 7 summarize quantitative feature values for both

3 mm and 6 mm presenting the validity of implementation of

automated image-to-image translation. The whole 3 mm dataset

show a mean SSIM value of 0.2808 however Control group as

well as other DR stages show slight deviation in terms of mean

SSIM although their value range stays similar. For the complete

6 mm, SSIM was slightly higher (0.2952) and contrary to the

3 mm set, Control, Mild and Moderate groups show closer values

to each other except for Severe with a slight decrease in value:

0.2679. As a quality metrics, FID scores show higher value than

OCT500 for both 3 mm and 6 mm: 150.34 and

107.74 respectively however PCQI scores were closer to the

ideal value for both 3 mm and 6 mm.

From two-tail T-tests (p < .05) BVD, BVC, BVT and VPI

values for TR-OCTA were found to be statistically different from

GT-OCTA for 3 mm and 6 mm which is expected due to the fact

that UIC data was excluded from the training (Table 1). These

feature values were calculated (3 mm and 6mm) for the complete

dataset as well as separately for different patient groups. For

3 mm (Table 6), BVD (Figures 4I–L) shows more deviation from

the GT values compared to BVC and VPI except BVT which

shows better comparative values. From Figure 6 we can observe

the difference between TR and GT images and concentrated

values with some outliers for BVC, BVT, and BVD.

FIGURE 5
Feature value distribution of 3mmand 6mm scans for OCT500. (A–D) are BVC, VPI, BVT and BVD values for 3mm. Similarly, (E–H) show values
for 6 mm.
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Supplementary Figures S2A–D shows the range of values for all

the features observed in different DR groups and the mean values

for TR-OCTA lies below the GT-OCTA most of the cases except

for BVD which lies above GT values for Mild, Moderate and

Severe group.

A similar pattern is recognized from the 6 mm analysis

(Table 7) having BVD a higher deviation from the GT

compared to BVC, BVT, and VPI. BVD shows more outliers

for TR-OCTA than other features contributing to the larger

difference (Figure 6). All these feature values are calculated

separately for Control, Mild, Moderate and Severe groups and

in general BVD shows higher difference between TR-OCTA and

GT-OCTA among all the features for different patient groups

(Figures 4M–P). Supplementary Figures S2E–H represents

TABLE 5 Statistical analysis of TR-OCTA compared to GT-OCTA for 6 mm dataset from OCT500.

OCTA dataset Dataset (no. Of
patients)

BVD (Mean ± St.d) BVC (Mean ± St.d) BVT (Mean ± St.d) VPI (Mean ± St.d)

TR-OCTA Complete (300) 210.80 ± 30.45 44.78 ± 1.37 1.087 ± 0.006 24.95 ± 2.97

GT-OCTA 212.34 ± 37 42.91 ± 1.33 1.088 ± 0.007 27.94 ± 3.02

TR-OCTA AMD (43) 210.13 ± 32.07 44.28 ± 1.28 1.063 ± 0.005 24.56 ± 3.32

GT-OCTA 204.72 ± 35.76 42.93 ± 1.44 1.063 ± 0.007 27.76 ± 3.65

TR-OCTA CNV (11) 213.11 ± 27.01 45.00 ± 1.03 1.087 ± 0.003 24.06 ± 1.63

GT-OCTA 224.63 ± 46.59 42.59 ± 1.03 1.089 ± 0.007 27.39 ± 3.36

TR-OCTA CSC (14) 209.66 ± 22.43 45.12 ± 0.96 1.088 ± 0.0064 25.08 ± 1.86

GT-OCTA 215.35 ± 45.51 43.08 ± 0.98 1.088 ± 0.0063 28.59 ± 2.24

TR-OCTA DR (35) 215.09 ± 28.04 45.12 ± 1.30 1.086 ± 0.0065 26.2 ± 2.95

GT-OCTA 210.66 ± 37.54 43.50 ± 1.18 1.087 ± 0.0068 28.68 ± 3.2

TR-OCTA RVO (10) 228.13 ± 60.63 44.13 ± 1.15 1.089 ± 0.0079 24.82 ± 1.76

GT-OCTA 239.79 ± 26.76 43.09 ± 0.91 1.087 ± 0.009 27.55 ± 2.89

TR-OCTA Others (96) 207.14 ± 30.19 44.88 ± 1.34 1.086 ± 0.0062 25.19 ± 3.06

GT-OCTA 213.22 ± 32.52 43.06 ± 1.19 1.088 ± 0.0073 27.74 ± 2.61

TR-OCTA Normal (91) 211.34 ± 27.64 44.75 ± 1.50 1.087 ± 0.0072 24.5 ± 2.97

GT-OCTA 210.71 ± 39.42 42.53 ± 1.51 1.089 ± 0.0073 27.95 ± 3.13

TABLE 6 Statistical analysis of TR-OCTA compared to GT-OCTA for 3 mm dataset from UIC.

OCTA
Dataset

Dataset (no. Of scans) BVD (Mean ± St.d) BVC (Mean ± St.d) BVT (Mean ± St.d) VPI (Mean ± St.d)

TR-OCTA Complete (187) 220.91 ± 21.73 18.21 ± 0.86 1.078 ± 0.0066 24.52 ± 2.70

GT-OCTA 189.29 ± 25.59 20.95 ± 0.65 1.090 ± 0.0086 26.11 ± 4.45

TR-OCTA Control (35) 212.69 ± 17.66 18.38 ± 0.80 1.083 ± 0.0082 25.48 ± 1.90

GT-OCTA 217.57 ± 27.82 20.25 ± 0.48 1.089 ± 0.0073 31.30 ± 4.53

TR-OCTA Mild (118) 223.29 ± 22.97 18.00 ± 0.86 1.078 ± 0.0056 23.99 ± 2.76

GT-OCTA 180.42 ± 19.80 21.17 ± 0.58 1.091 ± 0.0088 24.56 ± 3.47

TR-OCTA Moderate (37) 216.40 ± 24.49 18.51 ± 0.97 1.078 ± 0.0065 24.73 ± 2.45

GT-OCTA 189.60 ± 20.77 20.91 ± 0.47 1.091 ± 0.0102 26.29 ± 3.25

TR-OCTA Severe (97) 229.30 ± 18.85 17.96 ± 0.95 1.077 ± 0.0061 23.83 ± 2.76

GT-OCTA 181.44 ± 20.79 20.99 ± 0.50 1.090 ± 0.0087 24.51 ± 3.57
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feature value distribution with outliers for different DR groups.

Similar to 3 mm, TR-OCTA BVD feature value distribution

shows a mean higher than the GT-OCTA for Control, Mild,

Moderate and Severe groups.

Discussion

In this paper, we implemented a recently demonstrated

algorithm [36] for OCT-OCTA translation and validated the

translated OCTA images to show their utility in quantitatively

characterizing retinal features using two datasets OCT500 and

UIC. We present a comprehensive analysis comparing the

performance of GT- OCTA images with those generated by a

TR-OCTA across different patient groups, including those with

complete data sets, for both 3 mm and 6 mm FoV. Several

qualitative (SSIM, FID, PCQI) and quantitative metrics (BVD,

BVC, BVT, and VPI) were considered to validate the

comparative performance analysis on a clinical dataset from

UIC. We found FID and PCQI scores to be the most reliable

qualitative metrics and a combination of BVT, VPI could be

considered best for distinguishing diseases specially DR patients

in TR-OCTA.

SSIM was utilized as a quality metric to assess the similarity

between TR-OCTA and GT-OCTA images, providing insight

into the translation model’s ability to replicate key structural

features of the retinal vasculature. For OCT500, between 3 mm

and 6 mm, mean SSIM from the complete dataset of 3 mm was

higher than 6 mm despite both values were far from the ideal

value. The reason behind is how the translation algorithm works

that focuses on the vasculature rather than the entire image while

SSIM considers pixel difference between the reference and the

target image for its entirety. This becomes more prominent from

the UIC dataset. Both 3 mm and 6 mm sets form UIC shows

lower mean SSIM than OCT500 since the algorithm was

exclusively trained on OCT500 and as a result the generated

TR-OCTAs show less structural similarity overall to the GT-

OCTA. SSIM for different patient groups was also considered to

measure the response of the TR-OCTAs for different pathologies.

UIC dataset mostly show consistent mean SSIM across different

pathologies except for RVO (6 mm) indicating the algorithm

couldn’t capture the vascular structure from the RVO patient

equally as other pathologies which could also be contributed to

the lower number of sample available for training (3.34%).

Similar observations can be made from UIC 3 mm and 6 mm

however the model fails to capture the key structural features of

severe stage DR patients. Therefore, from our observations, SSIM

is not an ideal metric for GAN generated OCTA images.

Two more quality metrics, FID and PCQI scores were

considered as these are more suitable for GAN generated

image quality comparison against reference (GT) images.

OCT500 3 mm set, having lower FID score, indicate higher

similarity to the reference data, suggesting that the 3 mm scans

exhibit better image quality compared to the 6 mm scans within

this dataset. This trend is consistent with expectations, as higher

resolution (smaller scanning area) typically results in finer detail

and less distortion. The UIC dataset shows comparatively higher

FID scores for both 3 mm and 6 mm scans, indicating lower

fidelity compared to the OCT500 dataset which can be explained

as the effect of implementing the model to a dataset excluded

from the training. Interestingly, the 6 mm scans have a lower FID

score than the 3 mm scans, suggesting better relative

performance at a larger scanning area for this dataset. This

inverse trend can be attributed to variations in image quality

for 6 mm image acquisition (image collected after a certain date is

of higher quality than the previous scans). Another quality

metric, PCQI values for the OCT500 dataset are found to be

exceptionally high for both 3 mm and 6 mm. These results

TABLE 7 Statistical analysis of TR-OCTA compared to GT-OCTA for 6 mm dataset from UIC.

OCTA
Dataset

Dataset (no. Of scans) BVD (Mean ± St.d) BVC (Mean ± St.d) BVT (Mean ± St.d) VPI (Mean ± St.d)

TR-OCTA Complete (258) 214.75 ± 25.5 37.30 ± 0.93 1.084 ± 0.0059 25.66 ± 2.86

GT-OCTA 199.76 ± 15.05 39.54 ± 0.87 1.089 ± 0.0069 27.14 ± 2.46

TR-OCTA Control (59) 211.57 ± 21.79 37.35 ± 0.72 1.085 ± 0.0064 28.55 ± 2.19

GT-OCTA 197.61 ± 12.83 39.40 ± 0.74 1.088 ± 0.0062 27.43 ± 2.027

TR-OCTA Mild (143) 218.19 ± 22.93 37.12 ± 1.067 1.084 ± 0.0056 25.86 ± 2.74

GT-OCTA 199.29 ± 14.16 39.60 ± 0.80 1.088 ± 0.0070 26.76 ± 2.30

TR-OCTA Moderate (69) 209.54 ± 29.57 37.64 ± 0.83 1.084 ± 0.0060 27.00 ± 2.42

GT-OCTA 204.29 ± 14.62 39.41 ± 0.93 1.089 ± 0.0072 27.81 ± 2.31

TR-OCTA Severe (123) 216.41 ± 25.25 37.14 ± 0.81 1.083 ± 0.0057 26.12 ± 2.44

GT-OCTA 201.34 ± 14.96 39.34 ± 0.84 1.089 ± 0.0072 26.72 ± 2.52
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indicate minimal variation and high consistency in image quality

across different scans. The slight decrease in PCQI for the 6 mm

scans is consistent with the increased FID score, further

confirming that the 3 mm scans offer superior quality. The

PCQI scores for the UIC dataset, while slightly lower than

those of the OCT500 dataset, still demonstrate high image

quality, for 3 mm and 6 mm sets. The minimal difference in

PCQI between 3 mm and 6 mm scans suggests that the image

quality is relatively stable across different FoVs, despite the

higher FID scores.

To compare the quantitative feature values between TR-

OCTA and GT-OCTA, we focus on the performance across

different categories since neither OCT500 nor UIC has equal

distribution of data across different pathologies and normal or

control group. In a comparative analysis from OCT500, BVD

shows more deviation from the GT-OCTA, specially for 6 mm,

supporting the better FID and PCQI scores for 3 mm, indicating

the model can capture the superficial layer vasculature better

than the deep layer hence vessel density shows bigger difference

between TR-OCTA and GT-OCTA (Tables 4, 5). This feature

also has the greatest number of outliers (Figure 5) among all

features contributing to larger difference. Similar observations

can be made from UIC dataset, showing the models limitation in

capturing vasculature from all layers equally. When plotted, the

trend set by the GT-OCTA for BVD show higher deviation for

CNV in OCT500 3 mm. TR-OCTA also follows the same trend,

however, for OCT500 6mm, BVD feature values tend to follow

the GT-OCTA apart from RVO patients. On the other hand, for

UIC 3 mm and 6 mm, BVD fails to properly exhibit the trend

shown by GT-OCTA indicating inclusion of the data in the

FIGURE 6
Feature value distribution of 3mmand 6mm scans for the UIC dataset. (A–D) are BVC, VPI, BVT, and BVD values for 3mm. Similarly, (E–H) show
values for 6 mm scans.
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training process provides better result for BVD (Tables 6, 7).

However, for UIC 6mm, BVD shows clear distinction between

control and early stage DR as well as severe stage DR, similar to

what has been reported in other studies [12]. Overall, when

trained, BVD could be considered as a potential biomarker for

CNV and RVO patients as evident from the analysis (Figure 4).

BVC, another quantitative feature, unlike BVD, doesn’t show

that large of a deviation from the GT values across different

pathologies indicating it could be used as a measure of

performance even on a dataset not seen before. OCT500 3 mm

TR-OCTA tend to show some variations for CNV and RVO patient

similar to BVD however the trend goes beyond what is observed

from GT-OCTA. From UIC dataset, however, BVC feature values

across different pathologies stay in close range across different stages

of DR patients without showing any large deviation. However, the

TR-OCTA values follow GT-OCTA trend.

BVT feature values show least deviation for all datasets across

different patient categories. For OCT500 3 mm, TR-OCTA

values follow the trend set by GT-OCTA specially showing a

clear distinction among DR and other pathologies as well as

normal state (Figure 4C). In consistent with this scenario, UIC

BVT feature values stay in close range for (TR-OCTA and GT-

OCTA) 3 mm and show a better trend line for 6 mm. From

OCT500 6 mm, BVT feature values, while closely following GT-

OCTA values, show clear distinction for AMD patients

indicating a potential choice for AMD classification at lower FoV.

Finally, VPI feature values for OCT500 3 mm TR-OCTA

show an opposite trend compared to GT-OCTA. GT-OCTA

show clear distinction among AMD, CNV and DR pathologies

however TR-OCTA fails to identify the distinction. However,

OCT500 6 mm TR-OCTA shows a much better performance

showing the clear deviation of values for CNV, CSC and DR

patients indicating the model’s ability to distinguish between

normal and AMD, CNV, DR patients in general. A similar

picture is depicted by the performance analysis on UIC

dataset, specially 3 mm, clearly identifying different DR stages

from control groups indicating VPI as a better choice of potential

biomarker for DR patients.

Overall, in light of the comparative analysis performed on both

datasets, SSIM values were higher for OCT500 rather than UIC

indicating the inclusion of the prior dataset affecting the quality of

the generated images. Similar scenarios can be observed from FID

scores, OCT500 having lower value hence better resemblance to

the GT-OCTA images. However, PCQI scores for both datasets

(OCT500 and UIC) indicates the TR-OCTA images are almost the

same as the GT-OCTAs in terms of contrast and sharpness which

is supported by our analysis that some features (BVT, VPI) show

better performance across both FoV. Although, feature values for

BVC and VPI showed slight variation, they were still in close

proximity for both OCT500 and UIC. BVT, however, is found

having almost consistent values for both dataset in all cases. BVD,

on the other hand, shows bigger variation between TR-OCTA and

GT-OCTA for UIC compared to OCT500, an expected outcome

similar to SSIM, as density features tend to be affected by local

vasculature more than the vessel features.

Despite a better performance from the TR-OCTA across the

datasets, our study has some inherent limitations. One limitation

being the scarcity of the publicly available data, restricting the

ability to perform extensive and varied analyses. Additionally, the

dataset used in this research is relatively small, particularly when

considering cross-pathological studies. This limited sample size

can hinder the generalizability of the findings. Furthermore, our

data distribution is unequal across different patient categories and

pathologies, potentially introducing bias and affecting the

robustness of our conclusions. Another significant challenge is

the inconsistency in image quality and signal strength. Not all

OCTA images have the same signal strength or quality, which can

adversely impact the performance of translated OCTA in both

quantitative and qualitative assessments. These limitations

highlight the need for more comprehensive datasets and

improved image acquisition standards to enhance the reliability

and applicability of OCTA feature studies. Although similar

studies have been conducted [12, 14] on OCTA features, to our

knowledge, this is the first study conducted on quantitative

characterization and extensive comparative analysis of retinal

features for TR-OCTA images. We tried to establish the idea

that while the translation model holds promise in reproducing

retinal vasculature across various conditions, there exist minor

variations in the accuracy of vascular metrics between TR-OCTA

and GT-OCTA images. These discrepancies underscore the

necessity for ongoing enhancements to the translation model to

achieve higher precision in vascular representation, particularly for

pathological conditions where accurate vascular depiction is

critical for clinical diagnosis and monitoring.

This study showcases the potential of AI to bridge the gap

between OCT’s inability to visualize blood flow information and

leveraging generative-adversarial learning frameworks for image

translation to capture that information. Our findings suggest that

AI-driven translation models can generate high-quality OCTA

images from OCT data (demonstrated using SSIM, FID and

PCQI metrics) and the quantitative features generated in TR-

OCTA follow a similar trend as in GT-OCTA. This has the

potential to significantly improve the accuracy and efficiency of

diagnosing and monitoring retinal diseases through OCTA

imaging, emphasizing the need for further research and

development in this area.

In summary, this study demonstrates the potential of

generative AI in enhancing OCT imaging for ophthalmic

diagnostics. By validating quantitative features to check the

viability of TR-OCTA, this research addresses significant

limitations in widespread adoption of OCTA in clinical

settings. Despite facing challenges such as generalization for

different retinal diseases and difficulty in capturing detailed

vascular networks, our study lays a solid foundation for future

advancements in multi-modal OCT based retinal disease

diagnosis and monitoring. The incorporation of AI not only
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promises to reduce the dependence on costly OCTA devices but

also opens new avenues for accessible and accurate retinal

healthcare solutions. Moving forward, it is imperative to refine

these AI models to improve the resolution and accuracy of

translated OCTA images, ensuring they can reliably support

clinical decision-making and contribute to the broader

understanding of retinal pathologies.
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SUPPLEMENTARY FIGURE S1
(A–D) show BVC, VPI, BVT, and BVD feature values for the 3 mm dataset
(OCT500) with different patient conditions. a(i-iv) are AMD patients,
b(i-iv) are CNV patients, c(i-iv) are DR patients. d(i-iv) are Normal
patients. (E–K) show feature values for the 6 mm dataset (OCT500) with
different patient conditions. e(i-iv) are AMD patients, f(i-iv) are CNV
patients, g(i-iv) are CSC patients, h(i-iv) are DR patients, i(i-iv) are RVO
patients, j(i-iv) are patients with other retinal pathologies, k(i-iv) are
Normal patients.

SUPPLEMENTARY FIGURE S2
(A–D) show BVC, VPI, BVT and BVD for the UIC 3mm scans with different
patient conditions. a(i-iv) shows Control group, b(i-iv) Mild, c(i-iv)
Moderate, d(i-iv) Severe patient scans. Similarly, (E–H) show BVC, VPI,
BVT and BVD for the UIC 6 mm scans with different patient conditions.
e(i-iv) for Control group, f(i-iv) for Mild, g(i-iv) for Moderate, h(i-iv) for
Severe patient scans.

References

1. BowdC, Zangwill LM, BerryCC, Blumenthal EZ, Vasile C, Sanchez-GaleanaC, et al.
Detecting early glaucoma by assessment of retinal nerve fiber layer thickness and visual
function. Invest Ophthalmol Vis Sci (2001) 42(9):1993–2003.

2. Fujimoto J, Swanson E. The development, commercialization, and impact of
optical coherence tomography. Invest Ophthalmol Vis Sci (2016) 57(9):
OCT1–OCT13. doi:10.1167/iovs.16-19963

3. Spaide RF, Fujimoto JG, Waheed NK, Sadda SR, Staurenghi G. Optical
coherence tomography angiography. Prog Retin Eye Res (2018) 64:1–55. doi:10.
1016/j.preteyeres.2017.11.003

4. Yang D, Ran AR, Nguyen TX, Lin TPH, Chen H, Lai TYY, et al. Deep learning in
optical coherence tomography angiography: current progress, challenges, and future
directions. Diagnostics (2023) 13(2):326. doi:10.3390/diagnostics13020326

5. Huang D, Swanson EA, Lin CP, Schuman JS, StinsonWG, ChangW, et al. Optical
coherence tomography. Science (1991) 254(5035):1178–81. doi:10.1126/science.1957169

6. Adhi M, Duker JS. Optical coherence tomography – current and future
applications. Curr Opin Ophthalmol (2013) 24(3):213–21. doi:10.1097/ICU.
0b013e32835f8bf8

7. Sakata LM, DeLeon-Ortega J, Sakata V, Girkin CA. Optical coherence
tomography of the retina and optic nerve – a review. Clin & Exp Ophthalmol
(2009) 37(1):90–9. doi:10.1111/j.1442-9071.2009.02015.x

8. Drexler W, Fujimoto J. State-of-the-art retinal optical coherence
tomography. Prog Retin Eye Res (2008) 27(1):45–88. doi:10.1016/j.preteyeres.
2007.07.005

9. Li X, Chen H, Qi X, Dou Q, Fu CW, Heng PA. H-DenseUNet: hybrid densely
connected UNet for liver and tumor segmentation from CT volumes. IEEE Trans
Med Imaging (2018) 37(12):2663–74. doi:10.1109/TMI.2018.2845918

10. Chalam K, Sambhav K. Optical coherence tomography angiography in
retinal diseases. J Ophthalmic Vis Res (2016) 11(1):84. doi:10.4103/2008-322X.
180709

11. Kim G, Kim J, Choi WJ, Kim C, Lee S. Integrated deep learning framework for
accelerated optical coherence tomography angiography. Sci Rep (2022) 12(1):1289.
doi:10.1038/s41598-022-05281-0

12. Alam M, Zhang Y, Lim JI, Chan RVP, Yang M, Yao X. Quantitative
optical coherence tomography angiography features for objective classification
and staging of diabetic retinopathy. Retina (2020) 40(2):322–32. doi:10.1097/
IAE.0000000000002373

13. Le D, Alam M, Yao CK, Lim JI, Hsieh YT, Chan RVP, et al. Transfer learning
for automated OCTA detection of diabetic retinopathy. Translational Vis Sci &
Technology (2020) 9(2):35. doi:10.1167/tvst.9.2.35

14. Le D, AlamM, Miao BA, Lim JI, Yao X. Fully automated geometric feature
analysis in optical coherence tomography angiography for objective
classification of diabetic retinopathy. Biomed Opt Express (2019) 10(5):
2493. doi:10.1364/BOE.10.002493

15. Alam M, Le D, Lim JI, Yao X. Vascular complexity analysis in optical
coherence tomography angiography of diabetic retinopathy. Retina (2021) 41(3):
538–45. doi:10.1097/IAE.0000000000002874

Experimental Biology and Medicine
Published by Frontiers

Society for Experimental Biology and Medicine14

Badhon et al. 10.3389/ebm.2024.10333

27

https://ieee-dataport.org/open-access/octa-500
https://ieee-dataport.org/open-access/octa-500
https://www.ebm-journal.org/articles/10.3389/ebm.2024.10333/full#supplementary-material
https://www.ebm-journal.org/articles/10.3389/ebm.2024.10333/full#supplementary-material
https://doi.org/10.1167/iovs.16-19963
https://doi.org/10.1016/j.preteyeres.2017.11.003
https://doi.org/10.1016/j.preteyeres.2017.11.003
https://doi.org/10.3390/diagnostics13020326
https://doi.org/10.1126/science.1957169
https://doi.org/10.1097/ICU.0b013e32835f8bf8
https://doi.org/10.1097/ICU.0b013e32835f8bf8
https://doi.org/10.1111/j.1442-9071.2009.02015.x
https://doi.org/10.1016/j.preteyeres.2007.07.005
https://doi.org/10.1016/j.preteyeres.2007.07.005
https://doi.org/10.1109/TMI.2018.2845918
https://doi.org/10.4103/2008-322X.180709
https://doi.org/10.4103/2008-322X.180709
https://doi.org/10.1038/s41598-022-05281-0
https://doi.org/10.1097/IAE.0000000000002373
https://doi.org/10.1097/IAE.0000000000002373
https://doi.org/10.1167/tvst.9.2.35
https://doi.org/10.1364/BOE.10.002493
https://doi.org/10.1097/IAE.0000000000002874
https://doi.org/10.3389/ebm.2024.10333


16. Le D, AlamMN, Lim JI, Chan RVP, Yao X. Deep learning for objective OCTA
detection of diabetic retinopathy. In: Manns F, Söderberg PG, Ho A, editors.
Ophthalmic technologies XXX. SPIE (2020). 60. doi:10.1117/12.2546586

17. AlamMN, Son T, Toslak D, Lim JI, Yao X. Quantitative artery-vein analysis in
optical coherence tomography angiography of diabetic retinopathy. In: Manns F,
Söderberg PG, Ho A, editors.Ophthalmic technologies XXIX. SPIE (2019). 1. doi:10.
1117/12.2510213

18. Alam MN, Zhang Y, Lim JI, Chan RVP, Yang M, Yao X. Quantitative OCT
angiography for computer-aided classification of diabetic retinopathy. Invest
Ophthalmol Vis Sci (2018) 59(9):1224.

19. Alam M, Toslak D, Lim JI, Yao X. Color fundus image guided artery-vein
differentiation in optical coherence tomography angiography. Invest Opthalmology
& Vis Sci (2018) 59(12):4953. doi:10.1167/iovs.18-24831

20. Palejwala NV, Jia Y, Gao SS, Liu L, Flaxel CJ, Hwang TS, et al. Detection of
nonexudative choroidal neovascularization in age-related macular degeneration
with optical coherence tomography angiography. Retina (2015) 35(11):2204–11.
doi:10.1097/IAE.0000000000000867

21. Burlina PM, Joshi N, Pekala M, Pacheco KD, Freund DE, Bressler NM.
Automated grading of age-related macular degeneration from color fundus images
using deep convolutional neural networks. JAMA Ophthalmol (2017) 135(11):1170.
doi:10.1001/jamaophthalmol.2017.3782

22. Gholami S, Lim JI, Leng T, Ong SSY, Thompson AC, Alam MN. Federated
learning for diagnosis of age-related macular degeneration. Front Med (2023) 10:
1259017. doi:10.3389/fmed.2023.1259017

23. Holló G. Vessel density calculated from OCT angiography in 3 peripapillary
sectors in normal, ocular hypertensive, and glaucoma eyes. Eur J Ophthalmol (2016)
26(3):e42–e45. doi:10.5301/ejo.5000717

24. Hsieh YT, Alam MN, Le D, Hsiao CC, Yang CH, Chao DL, et al. OCT
angiography biomarkers for predicting visual outcomes after ranibizumab
treatment for diabetic macular edema. Ophthalmol Retina (2019) 3(10):826–34.
doi:10.1016/j.oret.2019.04.027

25. AlamM, Thapa D, Lim JI, Cao D, Yao X. Quantitative characteristics of sickle
cell retinopathy in optical coherence tomography angiography. Biomed Opt Express
(2017) 8(3):1741. doi:10.1364/BOE.8.001741

26. Alam M, Thapa D, Lim JI, Cao D, Yao X. Computer-aided classification of
sickle cell retinopathy using quantitative features in optical coherence tomography
angiography. Biomed Opt Express (2017) 8(9):4206. doi:10.1364/BOE.8.004206

27. Alam M, Lim JI, Toslak D, Yao X. Differential artery–vein analysis improves
the performance of OCTA staging of sickle cell retinopathy. Translational Vis Sci &
Technology (2019) 8(2):3. doi:10.1167/tvst.8.2.3

28. Zahid S, AlamMN, Yao X, Lim JI. Quantitative optical coherence tomography
angiography parameters in central retinal vein occlusion. Invest Ophthalmol Vis Sci
(2018) 59(9):5427.

29. Chen JL, Zahid S, AlamMN, Yao X, Lim JI. Assessment of quantitative optical
coherence tomography angiography parameters in branch retinal vein occlusion
andmonitoring response to treatment. Invest Ophthalmol Vis Sci (2018) 59(9):5458.

30. Alam MN, Thapa D, Lim JI, Cao D, Yao X Automatic classification of sickle
cell retinopathy using quantitative features in optical coherence tomography
angiography. Invest Ophthalmol Vis Sci (2017) 58(8):1679.

31. Wang J, Hormel TT, Tsuboi K, Wang X, Ding X, Peng X, et al. Deep learning
for diagnosing and segmenting choroidal neovascularization in OCT angiography
in a large real-world data set. Translational Vis Sci & Technology (2023) 12(4):15.
doi:10.1167/tvst.12.4.15

32. Lin L, Wang Z, Wu J, Huang Y, Lyu J, Cheng P, et al. “BSDA-Net: a boundary
shape and distance aware joint learning framework for segmenting and classifying
OCTA images,” in Computing and computer assisted intervention –MICCAI 2021:
24th international conference, proceedings, part VIII, Strasbourg, France,
September 27–October 1, 2021 (2021). 65–75. (Boundary shape and distance,
FAZ, segmentation, classification, OCTA, joint learning). doi:10.1007/978-3-030-
87237-3_7

33. Anvari P, Ashrafkhorasani M, Habibi A, Falavarjani KG. Artifacts in optical
coherence tomography angiography. J Ophthalmic & Vis Res (2021) 16:271–86.
doi:10.18502/jovr.v16i2.9091

34. Lee CS, Tyring AJ, Wu Y, Xiao S, Rokem AS, DeRuyter NP, et al. Generating
retinal flow maps from structural optical coherence tomography with artificial
intelligence. Sci Rep (2019) 9(1):5694. doi:10.1038/s41598-019-42042-y

35. Zhang Z, Ji Z, Chen Q, Yuan S, Fan W. Texture-guided U-net for OCT-to-
OCTA generation. In: Ma H, Wang L, Zhang C, editors. Pattern Recognition and

computer vision. Vol 13022. Lecture notes in computer science. Springer
International Publishing (2021). 42–52. doi:10.1007/978-3-030-88013-2_4

36. Li S, Zhang D, Li X, Ou C, An L, Xu Y, et al. Vessel-promoted OCT to OCTA
image translation by heuristic contextual constraints. Med Image Anal (2024) 98:
103311. doi:10.1016/j.media.2024

37. Li PL, O’Neil C, Saberi S, Sinder K, Wang K, Tan B, et al. Deep learning
algorithm for generating optical coherence tomography angiography (OCTA)maps
of the retinal vasculature. In: Zelinski ME, Taha TM, Howe J, Awwal AA,
Iftekharuddin KM, editors. Applications of machine learning 2020. SPIE (2020).
11511: 8. doi:10.1117/12.2568629

38. Valizadegan H, Nguyen Q, Hauskrecht M. Learning classification models
from multiple experts. J Biomed Inform (2013) 46(6):1125–35. doi:10.1016/j.jbi.
2013.08.007

39. Le D, Son T, Kim TH, Adejumo T, Abtahi M, Ahmed S, et al. Deep learning-
based optical coherence tomography angiography image construction using spatial
vascular connectivity network. Commun Eng (2024) 3(1):28. doi:10.1038/s44172-
024-00173-9

40. Ronneberger O, Fischer P, Brox T. U-net: convolutional networks for
biomedical image segmentation. In: Navab N, Hornegger J, Wells WM,
Frangi AF, editors. Medical image Computing and computer-assisted
intervention – MICCAI 2015. Vol 9351. Lecture notes in computer science.
Springer International Publishing (2015). 234–41. doi:10.1007/978-3-319-24574-
4_28

41. Isola P, Zhu JY, Zhou T, Efros AA. Image-to-Image translation with
conditional adversarial networks (2024). Available from: http://arxiv.org/abs/
1611.07004 (Accessed February 20, 2024).

42. Zhu JY, Park T, Isola P, Efros AA. Unpaired image-to-image translation using
cycle-consistent adversarial networks (2024). Available from: http://arxiv.org/abs/
1703.10593 (Accessed February 20, 2024).

43. Heusel M, Ramsauer H, Unterthiner T, Nessler B, Hochreiter S. GANs trained
by a two time-scale update rule converge to a local nash equilibrium (2024). doi:10.
48550/ARXIV.1706.08500

44. Wang S, Ma K, Yeganeh H, Wang Z, Lin W. A patch-structure representation
method for quality assessment of contrast changed images. IEEE Signal Process Lett
(2015) 22(12):2387–90. doi:10.1109/LSP.2015.2487369

45. Chao SC, Yang SJ, Chen HC, Sun CC, Liu CH, Lee CY. Early macular
angiography among patients with glaucoma, ocular hypertension, and normal
subjects. J Ophthalmol (2019) 2019:1–7. doi:10.1155/2019/7419470

46. Pedinielli A, Bonnin S, Sanharawi ME, Mané V, Erginay A, Couturier A,
et al. Three different optical coherence tomography angiography measurement
methods for assessing capillary density changes in diabetic retinopathy.
Ophthalmic Surg Lasers Imaging Retina (2017) 48(5):378–84. doi:10.3928/
23258160-20170428-03

47. Mastropasqua R, Toto L, Mastropasqua A, Aloia R, De Nicola C, Mattei PA,
et al. Foveal avascular zone area and parafoveal vessel density measurements in
different stages of diabetic retinopathy by optical coherence tomography
angiography. Int J Ophthalmol (2017) 10(10):1545–1551. doi:10.18240/ijo.2017.
10.11

48. Jhaj G, Glazman S, Shrier EM, Bodis-Wollner I. Non-exudative age-related
macular degeneration foveal avascular zone area, foveal vessel density, and ganglion
cell complex thickness. Invest Ophthalmol Vis Sci (2017) 58(8):36.

49. Al-Sheikh M, Iafe NA, Phasukkijwatana N, Sadda SR, Sarraf D. Biomarkers of
neovascular activity in age-related macular degeneration using optical coherence
tomography angiography. Retina (2018) 38(2):220–30. doi:10.1097/IAE.
0000000000001628

50. Akagi T, Uji A, Huang AS, Weinreb RN, Yamada T, Miyata M, et al.
Conjunctival and intrascleral vasculatures assessed using anterior segment
optical coherence tomography angiography in normal eyes. Am J Ophthalmol
(2018) 196:1–9. doi:10.1016/j.ajo.2018.08.009

51. Ye H, Zheng C, Lan X, Zhao L, Qiao T, Li X, et al. Evaluation of retinal
vasculature before and after treatment of children with obstructive sleep apnea-
hypopnea syndrome by optical coherence tomography angiography. Graefes Arch
Clin Exp Ophthalmol (2019) 257(3):543–8. doi:10.1007/s00417-018-04207-9

52. Chu Z, Lin J, Gao C, Xin C, Zhang Q, Chen CL, et al. Quantitative assessment
of the retinal microvasculature using optical coherence tomography angiography.
J Biomed Opt (2016) 21(6):066008. doi:10.1117/1.JBO.21.6.066008

53. Li M, Huang K, Xu Q, Yang J, Zhang Y, Ji Z, et al. A retinal dataset for optical
coherence tomography angiography study. Med. Image Anal. (2024) 93:103092.
doi:10.1016/j.media.2024.103092

Experimental Biology and Medicine
Published by Frontiers

Society for Experimental Biology and Medicine15

Badhon et al. 10.3389/ebm.2024.10333

28

https://doi.org/10.1117/12.2546586
https://doi.org/10.1117/12.2510213
https://doi.org/10.1117/12.2510213
https://doi.org/10.1167/iovs.18-24831
https://doi.org/10.1097/IAE.0000000000000867
https://doi.org/10.1001/jamaophthalmol.2017.3782
https://doi.org/10.3389/fmed.2023.1259017
https://doi.org/10.5301/ejo.5000717
https://doi.org/10.1016/j.oret.2019.04.027
https://doi.org/10.1364/BOE.8.001741
https://doi.org/10.1364/BOE.8.004206
https://doi.org/10.1167/tvst.8.2.3
https://doi.org/10.1167/tvst.12.4.15
https://doi.org/10.1007/978-3-030-87237-3_7
https://doi.org/10.1007/978-3-030-87237-3_7
https://doi.org/10.18502/jovr.v16i2.9091
https://doi.org/10.1038/s41598-019-42042-y
https://doi.org/10.1007/978-3-030-88013-2_4
https://doi.org/10.1016/j.media.2024
https://doi.org/10.1117/12.2568629
https://doi.org/10.1016/j.jbi.2013.08.007
https://doi.org/10.1016/j.jbi.2013.08.007
https://doi.org/10.1038/s44172-024-00173-9
https://doi.org/10.1038/s44172-024-00173-9
https://doi.org/10.1007/978-3-319-24574-4_28
https://doi.org/10.1007/978-3-319-24574-4_28
http://arxiv.org/abs/1611.07004
http://arxiv.org/abs/1611.07004
http://arxiv.org/abs/1703.10593
http://arxiv.org/abs/1703.10593
https://doi.org/10.48550/ARXIV.1706.08500
https://doi.org/10.48550/ARXIV.1706.08500
https://doi.org/10.1109/LSP.2015.2487369
https://doi.org/10.1155/2019/7419470
https://doi.org/10.3928/23258160-20170428-03
https://doi.org/10.3928/23258160-20170428-03
https://doi.org/10.18240/ijo.2017.10.11
https://doi.org/10.18240/ijo.2017.10.11
https://doi.org/10.1097/IAE.0000000000001628
https://doi.org/10.1097/IAE.0000000000001628
https://doi.org/10.1016/j.ajo.2018.08.009
https://doi.org/10.1007/s00417-018-04207-9
https://doi.org/10.1117/1.JBO.21.6.066008
https://doi.org/10.1016/j.media.2024.103092
https://doi.org/10.3389/ebm.2024.10333


Engineering ADSCs by
manipulating YAP for
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Abstract

Secondary lymphedema is a chronic disease associated with deformity of limbs

and dysfunction; however, conventional therapies are not curative. Adipose-

derived stem cells (ADSCs) based therapy is a promising way, but a single

transplantation of ADSCs has limited efficacy. In this study, ADSCs were

engineered in vitro and then transplanted into the site of lymphedema. Yes-

associated protein (YAP), a crucial regulator of Hippo pathway, plays an

important role in regulating stem cell functions. We examined the YAP

expression in a mouse tail lymphedema model, and found that transplanted

ADSCs exhibited high expression level of YAP and a large number of YAP

positive cells existed in lymphedema environment. In vitro, the

downregulation of YAP in ADSCs resulted in higher expression levels of

genes related to lymphangiogenesis such as Lyve-1, VEGFR-3 and Prox-1. In

vivo, YAP-engineered ADSCs generated abundant VEGFR-3-positive lymphatic

vessels and significantly improved subcutaneous fibrosis. These results

indicated that the transplantation of pre-engineered ADSCs by manipulating

YAP is a promising strategy for lymphatic reconstruction.

KEYWORDS

YAP, verteporfin, ADSCs, lymphedema, lymphangiogenesis

Impact statement

Millions of patients suffer from secondary lymphedema; however, conventional

therapies are not curative. Promoting the growth of lymphatic vessels and

reconstructing the lymphatic system are the key to ameliorate lymphedema. This

study aimed to explore the role of Hippo pathway in regulating adipose-derived stem

cell (ADSC) fate during the process of lymphangiogenesis and investigated the efficacy of

engineered ADSC based therapy in lymphedema. The study showed that lymphedema-

associated ADSCs exhibited high expression level of YAP and a large number of YAP

positive cells existed in lymphedema environment. In vitro, the downregulation of YAP in

ADSCs resulted in higher expression levels of genes related to lymphangiogenesis such as
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Lyve-1, VEGFR-3 and Prox-1. In vivo, YAP-engineered ADSCs

generated abundant VEGFR-3-positive lymphatic vessels and

significantly improved subcutaneous fibrosis. This work

provided new scientific evidences for revealing the mechanism

of promoting lymphangiogenesis and YAP-engineered ADSC

based therapy for patients suffering from lymphedema.

Introduction

Lymphedema, a prevalent progressive ailment, arises from

impaired lymphatic vessel functionality, leading to the swelling of

local tissue and subsequent discomfort and dysfunction. This

condition significantly compromises the quality of life for

patients [1, 2]. The goal of treatment is to alleviate symptoms,

impede the advancement, and mitigate the potential hazard of

lymphedema. By far, medical and surgical treatments of

lymphedema are ineffective in restoring the normal functions

of the lymphatic system, thereby exposing patients to the

potential of experiencing recurring symptoms [3, 4]. Thus, it

is urgent to find a novel method targeting in promoting

reconstruction of lymphatic systems for lymphedema.

Mesenchymal stem cells (MSCs) have demonstrated great

therapeutic benefits both in clinical trials and fundamental assays

[5, 6]. MSCs can help tissue regeneration by secreting cytokines,

chemokines, and growth factors [7]. The use of MSCs in skin

wound healing and other soft tissue repairing has achieved

significant progress in recent years [8, 9]. Adipose-derived

stem cells (ADSCs) were first isolated and identified in 2002,

and obtaining ADSCs is less invasive than other types of MSCs

which makes them a good candidate for regenerative medicine

[10–12]. Promoting the growth of lymphatic vessels is the key to

ameliorate lymphedema. With the development of stem cell

therapy, transplantation of MSCs has achieved the purpose of

repairing and rebuilding the lymphatic network, thus regarded as

an ideal therapy for lymphedema [13–15]. In previous studies,

the use of ADSCs in the treatment of lymphedema significantly

led to volume reduction and subjective improvement both in

animals and humans, and no adverse reactions were reported

[16–19]. Further research on the mechanism of how ADSCs

promote lymphangiogenesis will help to optimize and maximize

the efficacy of ADSC-assisted therapy. Therefore, we focused on

the possible signaling pathway in lymphangiogenesis to find the

targets for engineering ADSCs for stem cell therapy.

The Hippo pathway is crucial in regulating cell proliferation

apoptosis, differentiation and development by affecting target

genes through the key transcription factor TEAD, together with

its coactivator Yes-associated protein (YAP) [20–23].

Hyperactivation of YAP promoted stem cell proliferation but

inhibited terminal differentiation in many tissues including

intestine, lung and skin [24–26]. And YAP activation

promoted tissue fibrosis by regulating the activation of

myofibroblasts. The inhibition of YAP expression is associated

with poor fibrogenesis in livers and kidneys, conversely,

fibroblasts with YAP overexpression caused accumulation of

extracellular matrix components and lung fibrosis [27, 28].

Fibrosis, an irreversible pathological change, is one of the

most important pathological characteristics in the process of

lymphedema. Therefore, improving fibrosis is of great

significance in alleviating lymphedema [1, 2]. Thus, we

speculated that manipulating the expression of YAP in ADSCs

facilitated cell differentiation and improved fibrosis, helping

make a recovery from lymphedema.

Based on the above results, it can be speculated that the

downregulation of YAP expression could promote the

differentiation of ADSCs toward lymphatic endothelial cells

(LECs). This study aimed to investigate the efficacy of

manipulating YAP in ADSCs based therapy in a mouse

lymphedema model, so as to provide new ideas for the

clinical treatment of lymphedema.

Materials and methods

Cell culture

White adipose tissue in the inguinal was collected from

postnatal 7-day C57BL/6 mice (purchased from Dashuo

Experimental Animal Limited Company, Chengdu, China).

Harvested tissue was digested in collagenase I (C2-BIOC,

Sigma, St. Louis, MO, United States) for 1 h and centrifuged

at 1,500 rpm for 5 min to obtain the cell-debris pellet. The pellet

was resuspended in αMEM medium (12561056, Gibco, Grand

Island, NY, United States) supplemented with 10% FBS

(A5669701, Gibco) and 1% penicillin/streptomycin (15140122,

Gibco) in an incubator. The medium was changed every other

day. Cells were passaged when reaching 80% confluence and the

third passages of ADSCs were used in follow-up experiments.

Then 1 × 106 ADSCs were seeded in each well of the 6-well plate.

For the lymphatic transdifferentiation of ADSCs, VEGFC

(100 ng/mL, HY-P77864, MedChem Express, Monmouth

Junction, NJ, United States) was used for 7 days. For YAP

engineering, verteporfin (20μM, HY-B0146, MedChem

Express) was used for 48 h.

Animal model establishment

All procedures were registered and approved by the Ethics

Committees of the State Key Laboratory of Oral Diseases, West

China School of Stomatology, Sichuan University (WCHSIRB-

D-2022-277). Six-week-old female adult C57BL/6 mice weighing

an average of 20 g (purchased from Dashuo Experimental

Animal Limited Company, Chengdu, China) were used in this

study. All animals were maintained with free access to laboratory

food and water.
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To establish the lymphedema tail model, the mice were

anesthetized by inhalation of 5% isoflurane. Throughout the

surgical interventions, anesthesia was sustained with 2%

isoflurane to ensure the animals remained unconscious. A 2-

mm wide full-thickness circumferential skin piece was dissected

at 20 mmdistal from the tail base, removing superficial lymphatic

vessels in the process. Following the subcutaneous injection of

0.1% Evans blue dye into the tip of the tail, the deep lymphatic

vessels were cut carefully without damaging accompanied veins.

To maintain a moist and infection-free environment, the surgical

site was covered with sterile gauze and treated with erythromycin

ointment for 24 h.

Isolation of lymphedema-
associated ADSCs

CM-Dil dye stock was prepared as recommended by the

manufacturer (V22888, Thermo Fisher Scientific, Waltham, MA,

United States) to label ADSCs for 5 min at 37°C, and then for an

additional 15 min at 4°C. Next, the cell suspension was

centrifuged and then the cells were washed twice in sterile

PBS. Subsequently, local subcutaneous transplantation of 2 ×

106 CM-Dil-labeled ADSCs along with 30 μL PBS was performed

at lymphedema site in the lymphedema tail 1 week after surgery.

Thenmice were euthanized after 48 h, and soft tissue of the entire

tail was digested to obtain single-cell suspension for flow

cytometric cell sorting of CM-Dil-labeled ADSCs.

Quantitative real-time PCR

At the designated times, cells were collected to test the

relative mRNA expression of LEC-related markers and TAP.

The reverse transcription of the total RNA was completed by

using the HiScript II Q RT SuperMix for qPCR kit (Vazyme

Biotech, China). The synthesized cDNA templates were used to

do quantitative real-time PCR by using SYBR Green PCR

reagents (Bio-Rad, United States). The ΔΔCt (the threshold

cycle) values were calculated and the results were expressed as

the ratio of the mRNA copies of target genes to that of GAPDH

gene (reference gene). The primers involved in our study were

showed as follows: 5′- CAG CAC ACT AGC CTG GTG TTA -3′
(forward) and 5′- CGC CCA TGA TTC TGC ATG TAG A-3′
(reverse) for Lyve-1; 5′- ACA GAA GCT AGG CCC TAC TG -3′
(forward) and 5′-ACC CAC ATC GAG TCC TTC CT -3′
(reverse) for VEGFR-3; 5′- AGA AGG GTT GAC ATT GGA

GTG A-3′ (forward) and 5′- TGC GTG TTG CAC CAC AGA

ATA -3′ (reverse) for Prox-1; 5′- TGT TTA TGG GAC AGT

CCG GG -3′ (forward) and 5′- CGA GGA CGG ATT CAT CTT

TCT GG -3′ (reverse) for YAP; 5′- TGG ATT TGG ACG CAT

TGG TC -3′ (forward) and 5′- TTT GCA CTG GTA CGT GTT

GAT -3′ (reverse) for GAPDH.

Immunofluorescence staining

After removing the medium, the cells were washed with PBS

three times before being fixed for half an hour with 4%

paraformaldehyde. Subsequently, the cells were permeabilized

using 0.5% Triton X-100 (T8200, Solarbio, Beijing, China) and

blocked for 30min at room temperature using 2% FBS. Following

an overnight incubating at 4°C with primary antibodies, the cells

were then treated for 1 h at room temperature with secondary

antibodies and 10 min at room temperature with 4′,6-diamidino-

2-phenylindole dihydrochloride (DAPI, C0065, Solarbio). An

Olympus inverted fluorescence microscope was used to

capture the images. Paraffin tissue sections were

deparaffinized in xylene and rehydrated through graded

ethanol solutions. After being repaired by EDTA (C1034,

Solarbio), the sections were blocked by 5% BSA for 30 min at

room temperature and incubated with primary antibodies

overnight at 4°C. Following steps were the same as cellular

immunofluorescence described above. A confocal

microscope (N-STORM & A1, Nikon) was used to capture

the images.

The primary and secondary antibodies used in this study

were as follows: anti-VEGFR-3 (1: 200 dilution, Hunan

Biotechnology), anti-YAP (1: 200 dilution, Proteintech), goat

anti-rabbit 488 (1:200 dilution, Hunan Biotechnology).

Western blot

At the designated times, nuclear and cytosolic extracts from

ADSCs were prepared with a Nuclear Protein Extraction Kit

(P0027, Beyotime, Shanghai, China). And total proteins were

collected by using RIPA (V900854, Sigma) for ADSC lysis.

Subsequently, the proteins run on 10% gels (PG112, Epizyme

Biotech, Shanghai, China) and were transferred to poly-

(vinylidene fluoride) (PVDF) membranes. Following an

overnight incubating at 4°C with primary antibodies, the

membranes were treated for 1 h at room temperature with

secondary antibodies. Chemiluminescence images were taken

by a chemiluminescence machine (Bio-Rad, Hercules, CA,

United States). The primary antibodies used in this study

were as follows: anti-GAPDH (1: 5,000 dilution, ET1601-4,

Hunan Biotechnology, Hangzhou, China), anti-H3 (1:

5,000 dilution, M1309-1, Hunan Biotechnology), anti-VEGFR-

3 (1: 1,000 dilution, ER65750, Hunan Biotechnology) and anti-

YAP (1: 2,000 dilution, 13584-1-AP, Proteintech).

Tube formation assay

The 24-well plate was coated with Matrigel (356234, Corning

Incorporated, Corning, NY, United States), then the gel was

allowed to polymerize at 37°C for 30 min. The ADSCs were
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seeded on the gel (1 × 105 cells/well) and images were taken 12 h

after seeding.

The transplantation of ADSCs

After surgery, the mice of tail lymphedema model were

randomly divided into three groups to and received weekly

local subcutaneous injections around the incision gap.

The control group was administered 30 μL PBS. The ADSC

group was administered 2 × 106 ADSCs along with 30 μL PBS

[29–31]. The ADSC-verteporfin group received the same amount

of Yap-engineered ADSCs along with 30 μL PBS.

Quantitative evaluation of lymphedema

The degree of lymphedema was assessed by the

circumference of the tail at two specific sites (5 mm and

10 mm distal from the incision) weekly. The measurements

were conducted three times, and the averages were computed.

Histological and
immunohistochemical staining

The lymphedema tails were obtained at the second and

fourth weeks after surgery. The tissues were preserved in a 4%

paraformaldehyde solution for 48 h and then placed in paraffin

following decalcification. The samples were divided into sections

at intervals of 5 μm, starting from a distance of 10 mm away from

the surgical site. To evaluate the degree of subcutaneous fibrosis,

the paraffin-embedded tissue sections were stained with

Masson’s trichrome stain following conventional methods.

And Picro-Sirius red staining was performed to analyze the

collagen type I and III by using the commercial Kit

(MM1036, Maokang bio, Shanghai, China) according to the

manufacturer’s instructions.

For immunohistochemical staining, after being repaired by

EDTA (C1034, Solarbio), the slides were rinsed with water and

incubated with the primary antibodies overnight at 4°C. Then the

slides were rinsed and incubated with the corresponding

secondary antibody for 30 min followed by 3,3′-
diaminobenzidine and hematoxylin staining, respectively. The

primary antibodies used in this study were as follows: anti-YAP

(1: 50 dilution, ET1611-69, Hunan Biotechnology) and anti-

VEGFR-3 (1: 200 dilution, ER65750, Hunan Biotechnology).

Statistical analysis

On the basis of the assessment of the normal distribution of

the data, all experiments were performed at least in triplicate.

Data were presented as mean ± SD. When parametric test

assumptions were met, the statistical significance was

determined by one-way analysis of variance (ANOVA using

the SPSS 21.0 software). Statistical significance was set at p < 0.05.

Results

YAP expression increased in lymphedema-
associated ADSCs

The passage 3 ADSCs exhibited the characteristic spindle-

like shape, and their ability to differentiate into adipogenic and

osteogenic lineages was validated by using oil red staining and

alizarin red staining (Figure 1A). The lymphedema tail model

was established by the surgical removal of the lymphatic vessels

that accompanied the lateral veins (Figures 1B, C). After the

transplantation of CM-Dil-labeled ADSCs, the presence of

ADSCs were tracked by the IVIS Spectrum in vivo optical

imaging system within the tail (Figure 1D).

To assess the effect of lymphedema environment on YAP

expression in ADSCs, we isolated ADSCs from the lymphedema

tail to evaluate the YAP expression in lymphedema-associated

ADSCs. Immunofluorescence staining detected significantly

higher expression of YAP in lymphedema-associated ADSCs

compared to normal ADSCs (Figures 1E, G). As YAP activity

is regulated by its nuclear translocation, western blot was used to

investigate the nuclear and cytosolic expression of YAP. The

results of western blot showed that the nuclear expression of YAP

increased in lymphedema-associated ADSCs while the cytosolic

expression decreased compared to normal ADSCs (Figures 1F, H,

I). Meanwhile, we evaluated YAP expression in the lymphedema

tail by immunohistochemical staining. Cells in the lymphedema

tail had low expression level of VEGFR-3 and high expression

level of YAP compared to the normal tail (Figure 1J). Based on

these data, we proposed that YAP expression was positively

correlated with the development of lymphedema.

YAP expression decreased after the
lymphatic endothelial transdifferentiation
of ADSCs

We conducted the lymphatic endothelial transdifferentiation

of ADSCs by using VEGFC at a concentration of 100 ng/mL. We

observed the upregulation of LEC-related markers including

Lyve-1, Prox-1, and VEGFR-3 at mRNA level after 7-day

induction (Figures 2A–C). The confirmation of this was

further supported by the immunofluorescence staining and

western blot of VEGFR-3, as seen in Figures 2D–F, H.

Additionally, the tube formation assay was conducted after 7-

day induction of VEGFC tomeasure the ability of ADSCs to form

tubes and promote the growth of LECs. This evaluation is
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FIGURE 1
YAP expression increased in lymphedema-associated ADSCs. (A) Passage 3 ADSCs exhibited the characteristic spindle-like shape. Oil red
staining and alizarin red staining showed the osteogenic and adipogenic potential of ADSCs, respectively. Scale bar = 200 μm. (B) The anatomical
diagram of tail cross section. (C) Representative images of the surgical site before and after removing the lymphatic vessels during surgery, and the
white triangle indicates the lymphatic vessels. (D) Representative image of in vivo fluorescence observed in tail transplanted with CM-Dil labeled
ADSCs (the arrow points to the surgical incision). (E) Representative micrographs of YAP immunostaining in lymphedema-associated ADSCs
compared with ADSCs from normal adipose tissue. Scale bar = 20 µm. (F, H, I) Western blot showed the increased nuclear YAP expression and
decreased cytosolic YAP expression in lymphedema-associated ADSCs comparedwith ADSCs from normal adipose tissue. (G) Immunofluorescence

(Continued )
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considered the gold standard for determining the impact of

VEGFC on lymphangiogenesis. Figure 2G showed that the

VEGFC group exhibited tubulogenesis while the control group

did not demonstrate the formation of tube-like structures.

Next, we investigated the alteration of YAP after the

lymphatic endothelial transdifferentiation. To do this, we

conducted immunofluorescence staining to evaluate the YAP

expression and found that the expression of YAP exhibited a

significant drop in the VEGFC group compared to the control

group (Figures 3A, B). The results of western blot showed lower

nuclear YAP expression and higher cytosolic expression in the

VEGFC group compared to the control group (Figures 3C–E).

Based on these data, we speculated that there was a decrease in

YAP phosphorylation, leading to a reduction in its nuclear

translocation.

The changes in YAP phosphorylation status might be

associated with the transdifferentiation process of ADSCs and

could potentially influence lymphangiogenesis.

The downregulation of YAP enhanced the
lymphatic endothelial transdifferentiation
of ADSCs

Verteporfin as a widely recognized YAP inhibitor, was

employed to manipulate YAP expression in this investigation.

The results of PCR showed that verteporfin suppressed the YAP

expression in ADSCs at the concentration of 20 μM (Figure 3F).

Meanwhile, we performed western blot to determine the duration

of inhibitory effect on YAP after a 48-hour treatment of 20 μM

verteporfin (Figures 3G, H). The results showed that the YAP

expression was significantly lower in the 48h + D7 group and 48h

+ D14 group compared to the control group. The inhibitory

effect of verteporfin on YAP could last for at least 2 weeks after

the 48-hour treatment of verteporfin.

To investigate the effect of YAP downregulation on the

lymphatic endothelial transdifferentiation, ADSCs were

induced by VEGFC following a 48-hour pretreatment of

verteporfin. The expression level of VEGFR-3 increased

significantly in the VEGFC (+) verteporfin (+) group

compared to the VEGFC (+) verteporfin (−) group, which was

improved by immunofluorescence staining (Figures 4A, B) and

western blot (Figures 4C, D). In the tube formation assay, the

VEGFC (+) verteporfin (+) group generated a greater number of

tubes compared to the VEGFC (+) verteporfin (−)

group. Interestingly, tubes were observed in the VEGFC (−)

verteporfin (+) group (Figures 4E, F). These data indicated that

YAP downregulation could enhance the lymphatic endothelium

differentiation of ADSCs.

Changes inmouse tail edema after surgery

Following the surgical removal of the lymphatic vessels, a

noticeable accumulation of fluid was noted in the mouse tail

caused by the obstruction of lymphatic drainage. Figure 5A

displayed representative photographs of the mouse tail at 1, 2,

3, and 4 weeks after surgery.

The diameter of the mouse tail gradually increased over time

after surgery, reaching a peak at 3 weeks (Figures 5B, C). The tail

diameter of the ADSC -verteporfin group increased the least

compared to the other groups. The distinction became more

apparent when considering the physiological growth of the tail

during the experimental period. These data suggested that local

transplantation of YAP-downregulation ADSCs could alleviate

lymphedema.

YAP-downregulation ADSCs reduced
fibrosis in lymphedema

Fibrosis is one of the important pathological characteristics

in the process of lymphedema.

Therefore, Masson staining was conducted to visualize the

presence of collagen in the subcutaneous tissue at 2 and 4 weeks

after surgery. An accumulation of densely packed collagen fibers,

stained blue, was observed in the subcutaneous tissue while

muscle fibers were stained red (Figure 5D). The control group

had higher subcutaneous fibrosis ratio at 2 and 4 weeks after

surgery compared to the ADSC group and ADSC-verteporfin

group (Figure 5E). It demonstrated that the local transplantation

of ADSCs could reduce the degree of fibrosis in lymphedema.

And the ADSC-verteporfin group had lower subcutaneous

fibrosis ratio at 4 weeks compared to the ADSC group which

indicated a more pronounced benefit of YAP-downregulation

ADSCs in improving fibrosis. In Picro-Sirius red staining, red-

yellow fibers represented collagen type I and green fibers with

weak birefringence represented collagen type III (Figure 5F). At

4 weeks, significantly higher collagen type I/III ratio was found in

the control group compared to the ADSC group and ADSC-

verteporfin group. And the ADSC-verteporfin group showed the

lowest collagen type I/III ratio (Figure 5G).

FIGURE 1 (Continued)
intensity analysis of YAP. (J) The immunohistochemical staining of the lymphedema tail and normal tail. Cells in lymphedema tail had low
expression level of VEGFR-3 and high expression level of YAP. Scale bar = 20 μm and 50 µm. Bars: means ± standard deviation. n = 3 in each group,
*P < 0.05, **P < 0.01.
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FIGURE 2
VEGFC successfully induced lymphatic endothelial transdifferentiation of ADSCs. (A–C) PCR tests showed the upregulation of VEGFR-3, Prox-1,
Lyve-1 during the lymphatic endothelial transdifferentiation of ADSCs. (D) VEGFR-3 as a typical LEC marker was detected by immunofluorescence
staining after VEGFC-induction at the indicated times. Scale bar = 50 μm. (E) Immunofluorescence intensity analysis of VEGFR-3. (F, H)Western blot
showed the increased VEGFR-3 expression during the lymphatic endothelial transdifferentiation of ADSCs. (G) ADSCs were seeded on Matrigel
after 7-day induction, and tube formation was evaluated at 12 h postseeding. VEGFC group generated tube-like structure while control group did not
exhibit tubes. Scale bar = 100 μm. Bars: means ± standard deviation. n = 3 in each group, ns: no significant, **P < 0.01, ***P < 0.001.
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YAP-downregulation ADSCs promoted
lymphangiogenesis during lymphedema
development

In order to assess the formation of lymphatic vessels, we

performed immunofluorescence staining for VEGFR-3 on the

mouse tails at 2 and 4 weeks after surgery (Figure 6A). By

calculating the area and number of lymphatic vessels, we can

quantitatively analyze the lymphangiogenesis in each group

(Figures 6B, C). The results showed that the control group

had significantly smaller lymphatic area and number

compared to at 2 and 4 weeks after surgery compared to the

ADSC group and ADSC-verteporfin group. It demonstrated that

the local transplantation of ADSCs could promote

lymphangiogenesis. And the ADSC-verteporfin group

exhibited significantly bigger lymphatic area and number at

2 and 4 weeks after surgery compared to the ADSC group

which indicated a more pronounced benefit of YAP-

downregulation ADSCs in lymphangiogenesis.

Discussion

Stem cells based lymphedema therapies have attracted

attention in recent years for its great regeneration ability in

reducing edema which has been proved by clinical and basal

studies [32]. The pathology of lymphedema is the destruction

of lymphatic vessels and excessive fibrosis. Stem cells can

promote the growth of lymphatic vessels to reconstruct local

lymphatic system at the same time. They have therapeutic

FIGURE 3
Effect of lymphatic endothelial transdifferentiation and verteporfin on the expression of YAP. (A) Immunostaining of YAP in the control group
and VEGFC group. Scale bar = 50 μm. (B) Immunofluorescence intensity analysis of YAP. (C–E) Western blot showed the decreased nuclear YAP
expression and increased cytosolic YAP expression in ADSCs after lymphatic endothelial transdifferentiation. (F) PCR test showed that verteporfin
suppressed the expression of YAP in ADSCs at the concentration of 20 μM. (G, H) Western blot showed the continuously inhibitory effect of
verteporfin on YAP expression in ADSCs. Bars: means ± standard deviation. n = 3 in each group; ns, no significant, *P < 0.05, **P < 0.01, ***P < 0.001.
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effects in anti-inflammatory and anti-fibrosis, which makes

stem cells ideal for lymphedema treatment [33]. However, a

major concern of stem cell therapy is that the transplanted

stem cell population is of highly heterogeneous which means

the therapeutic efficacy of ADSC transplantation may vary

among studies.

The crosstalk between MSCs and LECs is crucial for

lymphangiogenesis [34]. The key of MSCs therapy lies in

secreting growth factors, and VEFGC is the most important

factor among them. Activation of VEGFR-3 by VEGFC results in

the phosphorylation of protein kinase B and extracellular

regulatory kinase, which can enhance the migration,

FIGURE 4
The downregulation of YAP enhanced the lymphatic endothelial transdifferentiation of ADSCs in vitro. 20 μM verteporfin preconditioning for
48 h downregulated the expression of YAP in ADSCs. Under this inhibitory effect, higher expression levels of VEGFR-3 can be detected after
differentiation of ADSCs, and larger density of tube formation can be observed. (A) Lymphatic endothelial transdifferentiation of ADSCs was
conducted after 20 μM-verteporfin preconditioning for 48 h, and immunofluorescence staining indicated higher level of VEGFR-3. Scale bar =
50 μm. (B) Immunofluorescence intensity analysis of VEGFR-3. (C, D) Higher expression level of VEGFR-3 was confirmed by western blot. (E, F) The
tube formation assay showed that VEGFC (+) verteporfin (+) group generated more tube-like structure than VEGFC (+) verteporfin (−) group. And
quantification of master segments was analysed. Scale bar = 200 μm. Bars: means ± standard deviation. n = 3 in each group, ns: no significant, *P <
0.05, **P < 0.01, ***P < 0.001.
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proliferation, and survival of LECs [35]. Several research

examining the preclinical animal model of acquired

lymphedema provide evidence for therapeutic lymphangiogenesis

through the activation of VEGFC/VEGFR-3 signaling pathways

[36–41]. For this study, we used VEGFR-3 as the main marker

associated with LECs, and we found that lymphangiogenesis was

positively correlated with high expression of VEGFR-3 both in vitro

and in vivo. Then increased growth factors derived from MSCs

FIGURE 5
YAP-downregulation ADSCs reduced the degree of swelling and improved fibrosis mouse tail lymphedema models. (A) Representative images
of the mouse tail at 1, 2, 3, and 4 weeks after surgery. (B, C) Tail diameter was measured before and after surgery at the site of 5 mm and 10mm distal
from the incision. (D) Masson staining of the subcutaneous tissue of mouse tail at 2 and 4 weeks after surgery. Scale bar = 500 μm. (E) Statistical
analysis of subcutaneous fibrosis ratio. (F) Representative results for Picro-Sirius red staining of mouse tail at 2 and 4 weeks after surgery. Red-
yellow fibers represented collagen type I and green fibers with weak birefringence represented collagen type III. Scale bar = 20 μm. (G)Collagen type
I/III ratio showed that more Collagen type III was produced in ADSCs (VEGFC+ verteporfin) group. n = 5 in each group, ns: no significant, *P < 0.05,
**P < 0.01, ***P < 0.001.
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promoted sprouting of lymphatics from LECs by binding to their

high affinity receptors. Therefore, engineered MSCs with enhanced

secretion function are potentially be utilized towards an effective

lymphedema treatment.

YAP expresses abundantly in diverse stem cell populations in

vivo and in vitro, and participates in various physiological and

pathological processes by driving stem cell behavior and

regeneration [42]. Abnormal expression of YAP drives the

development of aging and tumorigenesis associated with stem

cell dysfunction which can be reversed by YAP targeted therapies

[43]. At the onset of stem cell differentiation, YAP activity is

depressed and YAP gene silencing caused the loss of stemness

[44]. Altogether, YAP can be regarded as a regulator in balancing

progenitor and differentiated cells in different physiological and

pathological environment.

In this study, we found that YAP was upregulated in

transplanted ADSCs and a large number of YAP positive cells in

lymphedema site were seen. These results suggested that YAP played

an important role in lymphedema by affecting ADSCs. Verteporfin

is an authorized pharmaceutical for the treatment of macular

degeneration. Currently, it is employed as a small molecule

inhibitor for YAP-TEAD and has demonstrated anti-cancer

properties in several forms of solid tumors [45–47]. We used

verteporfin to manipulate YAP expression of ADSCs, and the

upregulation of VEGFR-3 and increased tube forming capacity

indicated that suppressing YAP could induce the lymphogenic

phenotype of ADSCs. Furthermore, the transplantation of

ADSCs preconditioned with verteporfin exhibited reducing

swelling and better lymphangiogenesis in the early stages of

secondary lymphedema in in vivo experiments. These results

FIGURE 6
The regeneration of lymphatic vessels in the mouse tail lymphedema model. (A) Subcutaneous VEGFR-3+ lymphatic vessels were detected by
immunofluorescence staining. Scale bar = 200 μm. (B) Statistical analysis of the area of lymphatic vessels. (C) Statistical analysis of the number of
lymphatic vessels. n = 5 in each group, *P < 0.05, **P < 0.01, ***P < 0.001.
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indicated that the downregulation of YAP in ADSCs played an

important role in promoting lymphangiogenesis. Engineered

ADSCs based on manipulating YAP expression is a practical way

to reconstruct lymphatic circulation.

The development of lymphedema is commonly attributed to a

feedback loop that involves local inflammation, lymphatic fibrosis,

and the deposition of adipose tissue [48]. Chronic inflammation-

induced fibrosis plays a key role in the pathophysiology of this

disease, which decreases collecting lymphatic pumping, and impairs

collateral lymphatic formation. Numerous studies clearly showed

the association between fibrosis and lymphedema [49], similarly, in

our study, severe fibrosis occurred in untreated lymphedema, and

the verteporfin-ADSC therapy showed promise in mitigating the

extent of subcutaneous fibrosis. Collagen type I and III are important

fiber components in determining the tensile strength of soft tissue.

Collagen type I increases stiffness, whereas collagen type III increases

the flexibility of tissues [50]. The collagen type I/III ratio is regarded

as an informative marker in biological processes and pathological

conditions. Altered collagen type I/III ratio was reported to be

associated with abnormal regeneration pattern in scar development

[51]. However, collagen type I/III ratio is poorly investigated in

lymphedema. In this study, we found that verteporfin-ADSC

therapy decreased the collagen type I/III ratio in treating

lymphangiogenesis. The regulation of collagen type I and III as

well as the collagen type I/III ratio may serve as a new target for

further investigation. In addition to ability of promoting

lymphangiogenesis, engineered ADSCs played a positive role in

suppressing fibrosis to improve the outcomes of lymphedema.
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Abstract

Tumor immune microenvironment is crucial for diffuse large B-cell lymphoma

(DLBCL) development. However, the mechanisms by which super-enhancers

(SEs) regulate the interactions between DLBCL cells and tumor-infiltrating

immune cells remains largely unknown. This study aimed to investigate the

role of SE-controlled genes in regulating the interactions between DLBCL cells

and tumor-infiltrating immune cells. Single-cell RNA-seq, bulk RNA-seq and

H3K27ac ChIP-seq data were downloaded from the Heidelberg Open Research

Data database and Gene Expression Omnibus database. HOMER algorithm and

Seurat package in R were used for bioinformatics analysis. Cell proliferation and

lactate dehydrogenase (LDH) release was detected by MTS and LDH release

assays, respectively. Interaction between B cell cluster and CD8+ T cell and NK

cell cluster was most obviously enhanced in DLBCL, with CD70-CD27, MIF-

CD74/CXCR2 complex, MIF-CD74/CD44 complex and CCL3-CCR5

interactions were significantly increased. NK cell sub-cluster showed the

strongest interaction with B cell cluster. ZZZ3 upregulated the transcription

of CD70 by binding to its SE. Silencing CD70 in DOHH2 cells significantly

promoted the proliferation of co-cultured NK92 cells and LDH release from

DOHH2 cells, whichwas counteracted by ZZZ3 overexpression in DOHH2 cells.

CD70 silencing combined with PD-L1 blockade promoted LDH release from

DOHH2 cells co-cultured with NK92 cells. In conclusion, DLBCL cells inhibited

the proliferation and killing of infiltrating NK cells by regulating ZZZ3/CD70 axis.

Targeting ZZZ3/CD70 axis combined with PD-L1 blockade is expected to be a

promising strategy for DLBCL treatment.

KEYWORDS

diffuse large B-cell lymphoma, cell interaction, super-enhancer, natural killer
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Impact statement

In this study, we found that CD70 was a super-enhancer-

controlled gene that was driven by ZZZ3 for transcription in

diffuse large B-cell lymphoma cells. The ZZZ3/CD70 axis in

diffuse large B-cell lymphoma cells inhibited infiltrating natural

killer cell killing and proliferation, thereby promoting immune

evasion of diffuse large B-cell lymphoma cells. The ZZZ3/

CD70 axis has the potential to be a novel immunotherapy

target for diffuse large B-cell lymphoma. Targeting ZZZ3/

CD70 axis combined with PD-L1 blockade is expected to be a

promising immunotherapeutic strategy for the treatment of

diffuse large B-cell lymphoma.

Introduction

Diffuse large B-cell lymphoma (DLBCL) is the most common

B-cell non-Hodgkin lymphoma with highly heterogeneous and

aggressiveness [1, 2]. Although therapeutic strategies such as

chemotherapy, radiotherapy and immunotherapy have

improved the survival of DLBCL patients, the prognosis

remains generally dismal for patients developing relapsed or

refractory DLBCL [3, 4]. Identification of novel therapeutic

targets is essential to improve the outcomes of patients with

DLBCL. Understanding the pathogenesis of DLBCL could

facilitate the development of novel molecular therapeutic targets.

Interactions between tumor cells and tumor-infiltrating

immune cells in the tumor microenvironment (TME) could

either induce tumor suppression or promote tumor

development [5–7]. For example, ligands on the surface of

tumor cells, such as programmed death-ligand 1 (PD-L1),

major histocompatibility complex class II (MHC-II),

fibrinogen-like protein 1 (FGL1) and galectin-9 (Gal-9),

interact with the inhibitory receptors of immune effector cells,

such as programmed cell death protein 1 (PD-1), lymphocyte-

activation gene 3 (LAG-3) and T cell immunoglobulin andmucin

domain 3 (TIM3), to inhibit cytotoxicity of immune cells and

promote tumor immune evasion [8–10]. The complex

interactions between tumor cells and various tumor-

infiltrating immune cells are involved in regulating the

immunosuppressive microenvironment of DLBCL [11–13].

Compared with solid tumors, DLBCL has a higher abundance

of infiltrating immune cells in the TME [6, 7]. However,

interactions between DLBCL cells and tumor-infiltrating

immune cells are still not well characterized.

Recently, single-cell RNA sequencing (scRNA-seq)

technology has become an important tool for studying the

lymphoma microenvironment, revealing the high

heterogeneity of tumor cells and their interactions with

immune cells. For instance, Roider et al. used scRNA-seq to

study DLBCL and shed light on the heterogeneity of nodal B-cell

lymphomas, emphasizing its relevance to personalized cancer

therapy [14]. Additionally, Steen et al. elucidated the DLBCL

microenvironment at a systems-level resolution and identified

potential therapeutic targets by integrating multiple scRNA-seq

datasets [15]. Despite these systematic insights into lymphoma

microenvironment heterogeneity, the epigenetic regulatory

mechanisms governing communication between tumor cells

and microenvironment cells remain elusive.

Aberrant epigenetic alterations regulate the phenotype of tumor

cells, and participate in the remodeling of tumor immune

microenvironment by affecting the interactions between tumor

cells and infiltrating immune cells [16–18]. Super-enhancer (SEs)

are large spatially clustered transcriptionally active enhancers,

typically spanning several kilobases, that can be predicted by

strong occupancy signals of specific histone modifications such as

H3K27 acetylation (H3K27ac) [19–21]. Enhancer components in

SEs are functionally non-redundant which act in a synergistic or

additive manner, enabling SEs to drive target genes transcription

more robustly than typical enhancers [22–24]. SEs combine with

transcription factors to powerfully drive the transcription of genes

that control and define cell identity [21]. SEs andmaster transcription

factors that regulate target gene expression are essential for DLBCL

progression [25, 26]. However, the precise mechanisms by which SEs

regulate the interactions between DBLCL cells and tumor-infiltrating

immune cells remain elusive.

This study aimed to investigate the key regulators controlled

by SEs in DLBCL cells that regulate the interactions between

DLBCL cells and tumor-infiltrating immune cells. We analyzed

immune cell clusters with significantly enhanced interactions

with B cell cluster in DLBCL. Ligand-receptor interactions of

B cell cluster and infiltrating immune cell clusters were identified.

Subsequently, we identified SE-controlled ligand-encoding gene

and its transcription factor. Finally, we explored the effects of the

SE-controlled ligand-encoding gene and its transcription factor

in DLBCL cells escape from natural killer (NK) cell killing

in vitro. This study is expected to provide new therapeutic

targets for the treatment of DLBCL.

Materials and methods

Single-cell RNA sequencing (scRNA-seq)
data analysis

The scRNA-seq gene expression matrix of DLBCL and

reactive non-malignant lymph node (rLN) samples were

downloaded from the Heidelberg Open Research Data

database (heiDATA,1) under accession code VRJUNV [14],

and the Gene Expression Omnibus database (GEO,2) under

1 https://heidata.uni-heidelberg.de/

2 http://www.ncbi.nlm.nih.gov/geo/
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accession code GSE182434 [15]. Uniform manifold

approximation and projection (UMAP) dimensionality

reduction analysis of scRNA-seq data was conducted using the

“RunUMAP” in R package “Seurat” to generate 2D plots to

visualize cell clusters and sub-clusters [27]. Cell clusters and sub-

clusters were annotated according to the well-recognized cell-

specific markers using CellMarker 2.0 web tool3 [28]. The

number and strength of interactions among cell clusters or

sub-clusters were evaluated using the CellChat v1.6.1.

Chromatin immunoprecipitation followed
by sequencing (ChIP-seq) data analysis

H3K27ac ChIP-seq data of 28 DLBCL cell lines were

downloaded from the GSE182214 dataset [25]. Enhancers were

defined as the H3K27ac-enriched regions using the “findPeaks” tool

in HOMER algorithm. Enhancer constituents clustered within

12.5 kb were stitched together. The “super enhancer” tool in

HOMER algorithm was used to rank enhancers according to the

H3K27ac signals. Threshold for SE screening was the tangent

slope >1 for the rank ordered set. To define the SE-controlled

gene, the “annotatePeaks” tool in HOMER algorithm was used to

assign enhancers to the nearest genes on the genome. H3K27ac

signals at the CD70 locus were visualized using the UCSC Genome

Browser database4.

Survival and immune score analysis

Bulk transcriptomic data and clinical information of

928 DLBCL patients were downloaded from the

GSE117556 dataset [29]. Overall survival (OS) and progression-

free survival (PFS) of DLBCL patients was assessed by Kaplan-Meier

analysis and log-rank test using the X-tile software. Log-rank test P<
0.05 indicated a significant difference. The immune score within the

bulk transcriptomic data was calculated using both the CIBERSORT

and xCell algorithms. Subsequently, Pearson’s analysis was

employed to assess the correlation between MIF, CCL3 and

CD70 expression levels and the immune scores.

Prediction of transcription factor
binding sites

Transcription factor binding sites for CD70 were predicted

using the Cistrome Data Browser database5 [30, 31].

Cell culture

The human DLBCL cell line, DOHH2, was purchased from

MeisenCTCC (Zhejiang, China) and cultured in RPMI

1640 medium (Gibco, MA, United States) with 10% fetal bovine

serum (FBS; Sigma-Aldrich, MO, United States) and 1% penicillin/

streptomycin (Invitrogen, CA, United States) at 37°C with 5% CO2.

The human NK cell line, NK92, was acquired from American

Type Culture Collection (ATCC; VA, United States). NK92 cells

were cultured in complete RPMI 1640 medium at 37°C with 5%

CO2, and activated with 200 U/mL interleukin-2 (IL-2; Sigma-

Aldrich, MO, United States).

JQ1 treatment

DOHH2 cells were seeded into 96-well plates at density of 2 ×

103 cells per well and cultured at 37°C for 48 h. The bromodomain

and extra-terminal domain (BET) inhibitor JQ1 (Solarbio, Beijing,

China) was added into each well to the indicated concentrations

(0 or 1 μM) and incubated for 24 h.

Cell transfection

Small interfering RNAs (siRNAs) targeting CD70 (siCD70)

and ZZZ3 (siZZZ3), and negative control siRNA (siNC) were

obtained from GenePharma (Shanghai, China). The eukaryotic

plasmid pcDNA3.1 for ZZZ3 overexpression (OE-ZZZ3) and the

empty pcDNA3.1 plasmid (OE-NC) were synthesized by

GenePharma (Shanghai, China). DOHH2 cells were seeded

into 6-well plates and cultured until the cell confluency

reached approximately 80%. Cell transfection was conducted

using Lipofectamine 3000 (Invitrogen, CA, United States)

according to the manufacturer’s instructions.

RNA isolation and quantitative real-time
PCR (qRT-PCR)

Total RNA of DOHH2 cells was isolated using TRIzol

reagent (Invitrogen, CA, United States) according to the

manufacturer’s instructions. cDNA was generated with 500 ng

RNA per reaction using the PrimeScript™ RT Master Mix

(Takara, Tokyo, Japan). Quantitative PCR (qPCR) was

performed with SYBR Green Master Mix (Takara, Tokyo,

Japan). Relative expression levels of CD70 and ZZZ3 were

calculated by the 2−ΔΔCT formula with GAPDH as the internal

reference. Primers to amplify genes are listed as follows:

CD70, forward: 5′-GACCCCAGGCTATACTGGCA-3′;
reverse: 5′-CAGGCTGATGCTACGGGAG-3’.
ZZZ3, forward: 5′-AAACGAGCTTGTCGATGTCTT-3′;
reverse: 5′-GACAGCCAAATAGCCTGTGAT-3′.

3 http://bio-bigdata.hrbmu.edu.cn/CellMarker/index.html

4 http://genome.ucsc.edu/

5 http://dbtoolkit.cistrome.org
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GAPDH, forward: 5′-GGAGCGAGATCCCTCCAAAAT-3′;
reverse: 5′-GGCTGTTGTCATACTTCTCATGG-3′.

ChIP-qPCR

DOHH2 cells were fixed with 1% formaldehyde for 10 min at

25°C and quenched with 0.125 M glycine for 5 min. Cells were lysed

with SDS lysis buffer for 10 min at 4°C, and then sonicated using a

M220 Focused-ultrasonicator (Covaris, MA, United States) for

10 min in 0.5 min pulse intervals. The ultrasound products were

incubated with anti-H3K27ac (ab4729, abcam, United States) or IgG

(ab172730, abcam, United States) at 4°C overnight. The

immunoprecipitated DNA was purified using the DNA

Purification Kit (Beyotime, Shanghai, China), and then subjected

to qPCR reactions. Primers used for ChIP-qPCR are listed as follows:

CD70-SE1, forward: 5′-CTGCCAGTGGAAGTGTTTGC-3′;
reverse: 5′-ACGTCAGAAGTGCAGCCTTT-3′.
CD70-SE2, forward: 5′-CACGGACGTAAGCAGAGAGG-
3′; reverse: 5′-TTTGCAGCGTAGAGAGTCCG-3′.
CD70-SE3, forward: 5′-TTCACTGAAGTGCCTCCGAC-3′;
reverse: 5′-TGACAGTTTGAGATGCCCCC-3′.

Cell proliferation assay for DLBCL cells

Cell proliferation of DOHH2 cells was determined using

an MTS Assay Kit (abcam, United States). DOHH2 cells were

FIGURE 1
Five cell clusters were identified in DLBCL and rLN based on the VRJUNV and GSE182434 datasets. (A) dimensionality reduction was performed
by UMAP. (B) Dot plots depicting the expression levels of cell-specific markers in each cell cluster, as well as the expression percentage of the
markers. (C) Feature plots showed the expression of cell-specific markers in global cell clusters.
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FIGURE 2
Interaction analysis of five cell clusters in DLBCL compared with rLN based on the VRJUNV and GSE182434 datasets. (A) UMAP plots of five cell
clusters in DLBCL and rLN were analyzed respectively. (B, C) Networks of differential interaction numbers (B) and strengths (C) in DLBCL compared
with rLN. Red lines represented upregulation of interaction number or strength in DLBCL compared with rLN, while blue lines represented
downregulation. The thicker the line, the greater difference in the interaction number or strength. (D)Dot plots of B cell ligands and CD8+ T cell
and NK cell receptors interactions that were significantly different between DLBCL and rLN.
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seeded into 96-well plates with 1 × 104 cells per well, and

cultured for 0, 1, 2, and 3 days. 10 μL MTS reagent was added

into each well at each time point and incubated for 4 h at 37°C.

Absorbance at 490 nm (A490) was detected using a microplate

reader (Bio-Rad, CA, United States).

Cell proliferation assay for NK cells

NK92 cells were precultured with 200 U/mL IL-2 for

activation. DOHH2 cells were treated with 25 μg/mL

mitomycin C for 1 h at 37°C to prevent cell proliferation.

Mitomycin C pretreated DOHH2 cells were co-cultured with

activated NK92 cells at a ratio of 1:1, 2:1 and 5:1 in RPMI

1640 medium for 48 h. Proliferation of NK92 cells was

determined using an MTS Assay Kit (abcam, United States)

according to the manufacturer’s instructions. A490 was

detected using a microplate reader (Bio-Rad, CA,

United States).

Lactate dehydrogenase (LDH)
release assay

DOHH2 cells were co-cultured with IL-2 activated

NK92 cells as indicated ratios for 48 h. The co-culture

systems were treated with or without anti-PD-L1 (ab205921,

abcam, United States) or IgG (ab172730, abcam, United States).

LDH release were measured using the Cytotoxicity LDH Assay

Kit-WST (Dojindo, Kyushu, Japan) according to the

manufacturer’s instructions. Absorbance at 490 nm was

detected using a microplate reader (Bio-Rad, CA, United States).

FIGURE 3
Expression and distribution analysis of CCL3, MIF, CD70, and CD274 in the ten B cell sub-clusters based on the VRJUNV and
GSE182434 datasets. (A) UMAP plots of the ten sub-clusters of B cell cluster in DLBCL and rLN. (B) UMAP dimensionality reduction plots for DLBCL
and rLN, respectively. (C)Dot plots of the expression levels and percentages of CCL3, MIF, CD70, andCD274 in the ten B cell sub-clusters. (D) Feature
plots of the distribution of CCL3, MIF, CD70, and CD274 expression in B cell cluster.
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FIGURE 4
Expression and distribution analysis of CCR5, CD74, CD44, CXCR2, CD27, and PDCD1 in the four sub-clusters of CD8+ T cell and NK cell cluster
based on the VRJUNV and GSE182434 datasets. (A) UMAP plots of the distribution of the four sub-clusters of CD8+ T cell and NK cell cluster (NK cell
sub-cluster, native CD8+ T cell sub-cluster, NKT cell sub-cluster, and CD8+ T cell sub-cluster) in DLBCL and rLN. (B) UMAP plots of NK cell, native
CD8+ T cell, NKT cell, andCD8+ T cell sub-clusters distribution in DLBCL and rLN, respectively. (C)Dot plots of specificmarker genes expression
in the four sub-clusters of CD8+ T cell and NK cell cluster together with the expression percentage of the marker genes. (D) Feature plots of specific

(Continued )
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Statistical analysis

Statistical data were analyzed using R software (version 4.1.2)

and GraphPad Prism (version 9.0), and presented as mean ±

standard deviation (SD). Differences among multiple groups

were analyzed by one-way analysis of variance (ANOVA)

followed by Tukey’s post hoc test. Differences between two

groups were analyzed by Student’s t-test. P < 0.05 indicated a

statistical significance.

Results

Five cell clusters were identified in DLBCL
and rLN

Immune microenvironment plays a crucial role in the

tumorigenesis of DLBCL. To describe the heterogeneity of the

immune microenvironment in DLBCL, we performed UMAP

dimensionality reduction on DLBCL and rLN samples according

to the VRJUNV and GSE182434 datasets. Dimensionality

reduction by UMAP resulted in five cell clusters, including

CD4-expressing (CD4+) T cell cluster, CD8-expressing (CD8+)

T cell and NK cell cluster, B cell cluster, dendritic cell cluster, and

macrophage cluster (Figure 1A). The five cell clusters were

identified by unique cell-specific marker genes expression as

follow: CD8A for CD8+ T cells and NK cells, CD4 for CD4+

T cells, LYZ for macrophages, CD19 for B cells, and CD83 for

dendritic cells (Figure 1B). Subsequently, these clusters were

reclassified into global cellular compartments based on the

expression of cell-specific markers (Figure 1C). Taken

together, five cell clusters, including CD4+ T cell cluster, CD8+

T cell and NK cell cluster, B cell cluster, dendritic cell cluster, and

macrophage cluster, were identified in DLBCL and rLN.

The enhanced interaction of B cell cluster
to CD8+ T cell and NK cell cluster was
most prominent in DLBCL compared
with rLN

To investigate DLBCL-specific immune cell interactions, we

described immune cell clusters in DLBCL and rLN respectively

(Figure 2A). Subsequently, we analyzed the differences in the

number and strength of cell cluster interactions between DLBCL

and rLN. The interaction numbers of B cell cluster to the other

four cell clusters (CD4+ T cell cluster, CD8+ T cell and NK cell

cluster, dendritic cell cluster, and macrophage cluster) were

increased in DLBCL compared with rLN (Figure 2B). The

interaction strengths of B cell cluster to CD4+ T cell cluster

and dendritic cell cluster were attenuated in DLBCL compared

with rLN (Figure 2C). However, the interaction strengths of B cell

cluster tomacrophage cluster and CD8+ T cell and NK cell cluster

were enhanced in DLBCL compared with rLN (Figure 2C).

Especially, the interaction strength of B cell cluster to CD8+

T cell and NK cell cluster was most dramatically enhanced in

DLBCL compared with rLN (Figure 2C). Furthermore, we

analyzed the differential interactions between B cell ligands

and CD8+ T cell and NK cell receptors in DLBCL and rLN. A

total of four pairs of ligand-receptor interactions (including

CD70-CD27, MIF-CD74/CXCR2 complex, MIF-CD74/

CD44 complex, and CCL3-CCR5) were significantly

upregulated in DLBCL compared with rLN (Figure 2D).

Collectively, these findings suggested that the enhanced

interaction of B cell cluster to CD8+ T cell and NK cell cluster

was most prominent in DLBCL compared with rLN.

Strong interaction was found between
B cell cluster and NK cell sub-cluster
in DLBCL

To further investigate the interaction of B cell cluster with

CD8+ T cell and NK cell cluster, we classified B cell cluster into

ten sub-clusters based on the VRJUNV and GSE182434 datasets

(Figure 3A). Dimensionality reduction was performed on B cell

sub-clusters of DLBCL and rLN, respectively (Figure 3B). Then,

we analyzed the expression of ligand-encoding genes in the

upregulated ligand-receptor interaction pairs. CD70 was

mainly expressed in Bcell_1, Bcell_2, Bcell_5, Bcell_6 and

Bcell_7 sub-clusters; CCL3 was mainly expressed in Bcell_0,

Bcell_2, Bcell_4, Bcell_7 and Bcell_8 sub-clusters; MIF was

expressed in all of the ten sub-clusters (Figures 3C, D).

Additionally, we analyzed the expression of CD274 (PD-

L1 encoding gene) in each B cell sub-cluster. The results

showed that CD274 was mainly expressed in Bcell_2 and

Bcell_8 sub-clusters (Figures 3C, D).

CD8+ T cell and NK cell cluster of DLBCL and rLN was

classified into four sub-clusters including NK cell sub-cluster,

native CD8+ T cell sub-cluster, NKT cell sub-cluster, and CD8+

FIGURE 4 (Continued)
marker genes expression in the four sub-clusters of CD8+ T cell and NK cell cluster. (E) Expression levels and percentages of CCR5, CD74,
CD44, CXCR2, CD27, and PDCD1 in the four sub-clusters. (F) Distribution of CCR5, CD74, CD44, CXCR2, CD27, and PDCD1 expression in the CD8+

T cell and NK cell cluster.
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T cell sub-cluster (Figures 4A, B). We calculated the expression

distribution of specific marker genes of the four sub-clusters:

NKG7 for NK cells, CD8A for CD8+ T cells, CCR7 for native

CD8+ T cells, and CXCL13 for NKT cells (Figures 4C, D). These

results indicated that we obtained reliable annotations of sub-

clusters of CD8+ T cell and NK cell cluster. Then, we analyzed

the expression of receptor-encoding genes in the upregulated

ligand-receptor interaction pairs. CD27, CD74 and

CCR5 were mainly expressed in NK cell sub-cluster,

NKT cell sub-cluster, and CD8+ T cell sub-cluster (Figures

4E, F). CD44 was mainly expressed in NK cell sub-cluster,

native CD8+ T cell sub-cluster, and CD8+ T cell sub-cluster

(Figures 4E, F). CXCR2 was mainly expressed in NKT cell sub-

cluster (Figures 4E, F). PD1-encoding gene, PDCD1, was

mainly expressed in NK cell sub-cluster, NKT cell sub-

cluster, and CD8+ T cell sub-cluster (Figures 4E, F).

Furthermore, we analyzed the interactions of the four

upregulated interacting ligand-receptor pairs between the

ten B cell sub-clusters and the four CD8+ T cell and NK cell

sub-clusters. CCL3 and CCR5 showed strong interactions in

Bcell_0 and Bcell_7 sub-clusters to NK cell sub-cluster

(Figure 5A). CD70 and CD27 showed strong interactions in

Bcell_1, Bcell_2, Bcell_5 and Bcell_7 sub-clusters to NK cell sub-

cluster (Figure 5B). Interactions of MIF to CD74/CD44 receptor

complex were strong in Bcell_0, Bcell_1, Bcell_2, Bcell_4 and

Bcell_5 sub-clusters to NK cell sub-cluster (Figure 5C).

Interactions of MIF to CD74/CXCR2 receptor complex were

strong in Bcell_1, Bcell_2, Bcell_4 and Bcell_5 sub-clusters to NK

FIGURE 5
CCL3-CCR5 (A), CD70-CD27 (B), MIF-CD74/CD44 complex (C), andMIF-CD74/CXCR2 complex (D) interaction networks of the ten B cell sub-
clusters with NK cell, native CD8+ T cell, NKT cell, and CD8+ T cell sub-clusters. Interaction networks were constructed based on the VRJUNV and
GSE182434 datasets. The thicker the line, the stronger the interaction.
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cell sub-cluster (Figure 5D). Importantly, CCL3-CCR5, CD70-

CD27, MIF-CD74/CD44 complex, and MIF-CD74/

CXCR2 complex interacted more strongly between B cell

cluster and NK cell sub-cluster than interactions between

B cell cluster and native CD8+ T cell sub-cluster, NKT cell

sub-cluster, or CD8+ T cell sub-cluster (Figure 5).

To further validate the impact of MIF, CCL3 and

CD70 expression on the prognosis of DLBCL patients, we

analyzed bulk transcriptomic data from the

GSE117556 dataset. High MIF expression indicated lower OS,

but showed no significant difference in PFS (Supplementary

Figures S1A, B). Low CCL3 expression was associated with

worse PFS, but OS did not show any statistical difference

(Supplementary Figures S1C, D). Patients with high

CD70 expression exhibited significantly worse OS and PFS

compared to those with low CD70 expression (Supplementary

Figures S1E, F). Additionally, immune scores were calculated

based on bulk transcriptomic data using CIBERSORT and xCell

algorithms. Pearson’s analysis was performed to correlate the

immune scores with MIF, CCL3 and CD70 expression levels.

Integrating the results of the two algorithms, we found that MIF

had the strongest correlation with B cell immune scores, while

CCL3 correlated most strongly with CD8+ T cells and

macrophages (Supplementary Figure S2). CD70 showed the

strongest correlation with CD8+ T cells, but the correlation

coefficient was relatively low (R < 0.3) (Supplementary Figure

S2). Unfortunately, we did not find a significant correlation

between MIF, CCL3 and CD70 with NK cell immune scores

(Supplementary Figure S2).

Taken together, the interaction between B cell cluster and NK

cell sub-cluster was the strongest in DLBCL, and this interaction

may have potential clinical significance. Therefore, we focused on

this interaction for further investigation.

CD70 was identified as a SE-controlled
gene in DOHH2, HBL1, and NU-DHL1 cells

SEs are key factors driving oncogene expression in tumor

cells [22–24]. We wondered whether the expression of CD70,

MIF and CCL3 in DLBCL cells is regulated by SEs. H3K27ac

signals at the CCL3, CD70 and MIF loci in 28 DLBCL cell lines

were analyzed based on ChIP-seq data from the

GSE182214 dataset. The results showed that SE was present at

the CCL3, CD70 or MIF locus in 3 DLBCL cell lines, whereas it

was absent in the other 25 cell lines (Figure 6A). HBL1, NU-

DHL1 and DOHH2 cells were found to exhibit SE only at the

CD70 locus, but not at the MIF and CCL3 loci (Figure 6B). The

3 cell lines were ranked in descending order according to the

H3K27ac peak score for SE at the CD70 locus as follows:

DOHH2, HBL1, and NU-DHL1 cells (Figure 6B). We

identified SE at the CD70 locus in DOHH2, HBL1 and NU-

DHL1 cells based the GSE182214 dataset. SE of CD70 was

divided into three regions (SE1, SE2, and SE3) based on the

enrichment of H3K27ac signals (Figure 6C). Since DOHH2 cells

had the highest H3K27ac peak score for SE of CD70, we validated

the SE regions at the CD70 locus in DOHH2 cells using ChIP-

qPCR. H3K27ac in SE1, SE2 and SE3 regions was significantly

enriched in DOHH2 cells (Figure 6D). JQ1 treatment

significantly inhibited H3K27ac enrichment in the three SE

regions (Figure 6D), and significantly downregulated CD70

transcription in DOHH2 cells (Figure 6E). Collectively,

CD70 was identified as a SE-controlled gene in DLBCL cells.

ZZZ3 interacted with the SE of CD70 to
drive CD70 expression

SEs driving transcription of target genes must be recognized

and bound by transcription factors [21]. Potential transcription

factors regulating CD70 were ranked in descending order

according to the peak set overlap score, with ZZZ3 ranking

first (Figure 7A). We successfully established ZZZ3-silenced cells

by transfecting siZZZ3 into DOHH2 cells (Figure 7B). Silencing

ZZZ3 significantly inhibited H3K27ac enrichment in SE1,

SE2 and SE3 regions of the CD70 locus in DOHH2 cells

(Figure 7C). Moreover, silencing ZZZ3 significantly

suppressed CD70 transcription in DOHH2 cells (Figure 7D).

DLBCL patients with high-ZZZ3 expression have significantly

worse OS than patients with low-ZZZ3 expression (Figure 7E).

High-ZZZ3 expression is associated with a poor PFS of DLBCL,

although not significantly (descriptive Log-rank P > 0.05;

Figure 7F). Taken together, ZZZ3 bound to SE of CD70 to

drive CD70 transcription.

The ZZZ3/CD70 axis in DLBCL cells
promoted their escape from NK cell killing

To investigate the impact of the ZZZ3/CD70 axis on DLBCL

cell proliferation, we established CD70-silenced and ZZZ3-

overexpressing cells by transfecting siCD70 or

ZZZ3 overexpression plasmids (OE-ZZZ3) into DOHH2 cells,

respectively. Transfection of siCD70 significantly inhibited

CD70 expression in DOHH2 cells (Figure 8A). Compared

with the DOHH2 cells transfected with the empty

pcDNA3.1 plasmids (OE-NC), ZZZ3 expression was

significantly upregulated in DOHH2 cells transfected with

OE-ZZZ3 (Figure 8B). The effect of CD70 silencing on the

proliferation of DOHH2 cells was determined by MTS assay.

Silencing CD70 had no significant effect on the proliferation of

DOHH2 cells (Figure 8C).

To investigate the impact of the ZZZ3/CD70 axis in DLBCL

cells on their resistance to NK cell-mediated killing, we

pretreated DOHH2 cells transfected with siNC, siCD70, or co-

transfected with siCD70 and OE-ZZZ3 with mitomycin C to
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block cell proliferation. The mitomycin C pretreated

DOHH2 cells were co-cultured with IL-2 activated NK92 cells

at ratios of 1:1, 2:1 and 5:1. The proliferation of NK92 cells co-

cultured with DOHH2 cells was detected by MTS assay. Co-

culture of CD70-silenced DOHH2 cells with NK92 cells

significantly promoted the proliferation of NK92 cells

compared with NK92 cells co-cultured with DOHH2 cells

transfected with siNC (Figure 8D). However, overexpression

of ZZZ3 in DOHH2 cells significantly attenuated the

promotion of NK92 cell proliferation by CD70 silence of

DOHH2 cells in the co-culture system (Figure 8D).

Then, we evaluated the effect of ZZZ3/CD70 axis on LDH

release from DOHH2 cells co-cultured with NK92 cells.

DOHH2 cells (without mitomycin C pretreatment) were co-

cultured with IL-2 activated NK92 cells at ratios of 1:1, 2:1 and 5:

1. Silencing CD70 in DOHH2 cells significantly elevated LDH

release from DOHH2 cells co-cultured with NK92 cells, which

was offset by overexpression of ZZZ3 in DOHH2 cells

(Figure 8E). Since interaction between PD1 and PD-L1

contributes to tumor immune evasion [11], we assessed the

effect of silencing CD70 in DOHH2 cells combined with anti-

PD-L1 treatment on LDH release fromDOHH2 cells co-cultured

with NK92 cells. DOHH2 cells (without mitomycin C

pretreatment) and NK92 cells (IL-2 activated) were co-

cultured at a ratio of 2:1. Anti-PD-L1 treatment or silencing

CD70 in DOHH2 cells significantly promoted LDH release from

DOHH2 cells co-cultured with NK92 cells (Figure 8F). Silencing

CD70 in DOHH2 cells combined with anti-PD-L1 treatment

significantly promoted LDH release from DOHH2 cells co-

cultured with NK92 cells more strongly than anti-PD-

L1 treatment alone (Figure 8F).

Taken together, the ZZZ3/CD70 axis in DLBCL cells

promoted their escape from NK cell killing.

Discussion

Interactions between DLBCL cells and tumor-infiltrating

immune cells are closely related to the development of

DLBCL [16–18]. SEs are key regulators in promoting the

malignant phenotype of tumor cells [25, 26], but the roles of

SEs in modulating the interactions between tumor cells and

infiltrating immune cells remain unknown. In the present

study, we found that the enhanced interaction between B cell

FIGURE 6
CD70was identified as a SE-controlled gene in DOHH2, HBL1 and NU-DHL1 cells. (A) Screening of DLBCL cell lines with SE at theCD70,MIF or
CCL3 locus based on the GSE182214 dataset. (B) Heatmap of H3K27ac peak score for SE at the CD70, MIF or CCL3 locus in HBL1, NU-DHL1, and
DOHH2 cells based on the GSE182214 dataset. (C) Identification of three SE regions (SE1, SE2, and SE3) at the CD70 locus in HBL1, NU-DHL1, and
DOHH2 cells based on the GSE182214 dataset. (D)ChIP-qPCRwas used to analysis the H3K27ac enrichment in three SE regions, and the effect
of JQ1 treatment on H3K27ac enrichment in SE regions in DOHH2 cells. **P < 0.01, anti-H3K27ac/0 μM JQ1 group vs. IgG/0 μM JQ1 group. ##P <
0.01, anti-H3K27ac/1 μM JQ1 group vs. IgG/1 μM JQ1 group. &&P < 0.01, anti-H3K27ac/1 μM JQ1 group vs. anti-H3K27ac/0 μM JQ1 group. (E) qRT-
PCR was used to detect the relative expression of CD70 in DOHH2 cells treated with 0 or 1 μM JQ1. **P < 0.01, 1 μM JQ1 group vs. 0 μM JQ1 group.
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cluster and CD8+ T cell and NK cell cluster in DLBCL compared

to rLN. Specific interactions included the CD70-CD27, which

contributes to the pathophysiology of autoimmunity [32]; the

MIF-CD74/CXCR2 complex, regulating immune cell migration

and inflammation [33]; the MIF-CD74/CD44 complex,

mediating multiple biological processes, including cell

proliferation and the inflammatory response [33, 34]; and the

CCL3-CCR5, mediating immune cell recruitment [35]. Notably,

a strong interaction between the B cell cluster and NK cell sub-

cluster was identified. CD70was screened as a SE-controlled gene

which was regulated by transcription factor ZZZ3 in DLBCL

cells. These results highlighting the role of the CD70-CD27

interaction in DLBCL cell evasion from NK cell killing.

Finally, effect of the ZZZ3/CD70 axis on the evasion of

DLBCL cells from NK cell killing were examined in vitro.

DLBCL is a disease with complex pathogenesis, which is

reflected not only in the genetic and epigenetic alterations of B

lymphocytes, but also in the complicated crosstalk between

tumor cells and tumor-infiltrating immune cells [36].In this

study, we characterized the immune cell profile of DLBCL

and identified five cell clusters (CD4+ T cell cluster, CD8+

T cell and NK cell cluster, B cell cluster, dendritic cell cluster,

and macrophage cluster). CD4+ T cells have cytotoxic or

immunoregulatory functions [37, 38]. A low proportion of

CD4+ T cells in the TME is associated with a poor prognosis

of primary central nervous system DLBCL [39]. CD8+ T cells

exert specific cytotoxic effects by secreting cytokines, releasing

perforin and granzyme to kill tumor cells [40]. NK cells express

cell surface receptors with stimulatory or inhibitory functions, or

secrete cytokines and chemokines to exert cytolytic activity

against target cells [41–43]. Dendritic cells exhibit strong

antigen-presenting capacity, and stimulate T cells activation to

trigger immune responses [44]. Macrophages are key regulators

in mediating tumor immune evasion [45]. However, the

interactions between DLBCL cells and tumor-infiltrating

immune cells remain largely unknown.

Recent studies have successfully created single-cell

transcriptome atlases for DLBCL. These atlases reveal

FIGURE 7
ZZZ3 interacted with the SE of CD70 to drive CD70 expression. (A) Dot plots of the predicted transcription factors of CD70. (B) qRT-PCR was
performed to measure the expression of ZZZ3 in DOHH2 cells transfected with siNC or siZZZ3. **P < 0.01, siZZZ3 group vs. siNC group. (C) ChIP-
qPCR was used to detect the H3K27ac enrichment in three SE regions at theCD70 locus in DOHH2 cells transfected with siNC or siZZZ3. **P < 0.01,
siZZZ3 group vs. siNC group. (D) qRT-PCR was performed to measure the expression of CD70 in DOHH2 cells transfected with siNC or siZZZ3.
**P < 0.01, siZZZ3 group vs. siNC group. (E,F) Kaplan–Meier overall survival (OS) and progression-free survival (PFS) curves of DLBCL patients with
high- and low-ZZZ3 expression were plotted based on the GSE117556 dataset.
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phenotypic diversity within DLBCL cases and interactions

between tumor cells and the microenvironment. Steen et al.

associate CXCR5+ CD8 T cells with the effectiveness of

bortezomib when added to standard therapy [15]. Roider

et al. propose that malignant B cells can receive both

costimulatory and coinhibitory signals from all major T-cell

subsets via CD80/CD86-CD28 and CD80/CD86-

CTLA4 interactions [14]. In this study, we found that the

enhanced interaction of B cell cluster to CD8+ T cell and NK

cell cluster was most pronounced in DLBCL compared with rLN.

Furthermore, we found that NK cell sub-cluster interacted most

strongly with B cell cluster. NK cells are innate lymphocytes,

which are considered to be the first line of defense for host

immune detection and play important roles in the progression of

malignant tumors [46–48]. The number and activity of tumor-

infiltrating NK cells have significant impacts on the prognosis of

FIGURE 8
The ZZZ3/CD70 axis in DLBCL cells promoted their escape from NK cell killing. (A) qRT-PCR was performed to measure the expression of
CD70 in DOHH2 cells transfected with siNC or siCD70. **P < 0.01, siCD70 group vs. siNC group. (B) qRT-PCR was used tomeasure ZZZ3 expression
in DOHH2 cells transfected with OE-NC or OE-ZZZ3. **P < 0.01, OE-ZZZ3 group vs. OE-NC group. (C) MTS assay was used to determine the
proliferation of DOHH2 cells transfected with siNC or siCD70. Ns. non-significantly. (D) MTS assay was used to detect the proliferation of
NK92 cells co-cultured with mitomycin C pretreated DOHH2 cells. DOHH2 cells transfected with siNC, siCD70, or co-transfected siCD70 and OE-
ZZZ3 (mitomycin C pretreated) and NK92 cells (IL-2 activated) were co-cultured at ratios of 1:1, 2:1 and 5:1 for 48 h **P < 0.01, siCD70 group vs siNC
group. ##P < 0.01, siCD70 + OE-ZZZ3 group vs. siCD70 group. (E) LDH release from DOHH2 cells co-cultured with IL-2 activated NK92 cells.
DOHH2 cells transfected with siNC, siCD70, or co-transfected with siCD70 and OE-ZZZ3 (without mitomycin C pretreatment) were co-cultured
with IL-2 activated NK92 cells at ratios of 1:1, 2:1, 5:1. **P < 0.01, siCD70 group vs. siNC group. ##P < 0.01, siCD70 + OE-ZZZ3 group vs.
siCD70 group. (F) LDH release from DOHH2 cells co-cultured with IL-2 activated NK92 cells and treated with anti-PD-L1 or IgG. DOHH2 cells
transfected with siNC or siCD70 (without mitomycin C pretreatment) were co-cultured with IL-activated NK92 cells at a ratio of 2:1. **P < 0.01, vs.
siNC + IgG group. &P < 0.05, vs. siNC+anti-PD-L1 group. #P < 0.05, vs. siCD70 + IgG group.

Experimental Biology and Medicine
Published by Frontiers

Society for Experimental Biology and Medicine13

Li et al. 10.3389/ebm.2024.10155

54

https://doi.org/10.3389/ebm.2024.10155


various cancers [48–50]. Patients with NK cell dysfunction have

higher cancer incidence rates [51, 52]. Interactions between

tumor cells and NK cells regulate the phenotype of NK cells,

thereby affecting NK cells viability or function [51–55].

NK cells have received increasing attention for their potential

in immunotherapy. However, studies on NK cells in DLBCL

remain scarce. Frank Vari et al found that NK cell-mediated

immune evasion is achieved by the interaction of PD1 and PD-L1

between NK cells and DLBCL cells [11]. However, the direct

crosstalk and regulatory mechanisms of DLBCL cell-NK cell

interaction remain largely enigmatic. Herein, we found that the

interactions of CCL3-CCR5, CD70-CD27, MIF-CD74/

CD44 complex, and MIF-CD74/CXCR2 complex between

B cell cluster and CD8+ T cells and NK cell cluster were

significantly enhanced in DLBCL compared with rLN, which

was mainly attributed to the strong interactions of B cell cluster

with NK sub-cluster. It is well known that SEs interact with

transcription factors to promote target genes transcription [21].

We wondered whether the expression of CCL3, CD70 andMIF is

regulated by SEs in DLBCL cells. We found that DOHH2,

HBL1 and NU-DHL1 cells had SEs only at the CD70 locus

but not at theMIF or CCL3 locus. Furthermore, we demonstrated

that CD70 was a SE-controlled gene in DOHH2 cells and its

expression was driven by the transcription factor ZZZ3.

CD70 is a member of the tumor necrosis factor (TNF) ligand

family [56]. It has been reported that CD70 expression in non-

Hodgkin lymphoma cells upregulates the proportion of

Foxp3+CD4+CD25- T cells and inhibits the proliferation of

infiltrating CD8+ T cells, thereby promoting an

immunosuppressive microenvironment [57]. Co-inhibition of

CD70 and PD-L1 rescued T cell depletion and effectively

inhibited lymphoma growth in vivo [58]. However, the role of

CD70 in regulating the interaction between DLBCL cells and NK

cells remains unclear.

ZZZ3 (zinc finger ZZ-type containing 3), a core subunit of

the ATAC complex, is required for ATAC complex-mediated

maintenance of histone acetylation and gene activation [59].

However, we have not found any studies of ZZZ3 in regulating

DLBCL progression. In this study, we found that high

ZZZ3 expression predicts a poor OS of DLBCL patients.

Importantly, we found that under co-culture of DOHH2 cells

and NK92 cells, silencing CD70 in DOHH2 cells significantly

promoted the proliferation of NK92 cells and LDH release from

DOHH2 cells, which could be partially counteracted by

ZZZ3 overexpression in DOHH2 cells. LDH is a ubiquitous

intracellular enzyme that is released outside the cells when cells

die [60]. LDH release is a key indicator of lytic cell death [60].

Thus, our results suggested that ZZZ3/CD70 axis in DLBCL cells

promoted their escape from infiltrating NK cell cytotoxicity and

inhibited the proliferation of infiltrating NK cells.

Moreover, mounting studies have provided that aberrant

expression of PD-L1 of lymphoma cells is critical for

mediating tumor immune evasion. Blocking the interaction

between PD-L1 and PD1 could restore the anti-tumor

immune response [11, 61, 62]. In this study, we found that

both CD70 and CD274 (PD-L1 encoding gene) were expressed in

Bcell_2 sub-cluster, and PDCD1 (PD1 encoding gene) was

expressed in NK cell sub-cluster, suggesting that targeting

CD70 and PD-L1 simultaneously may effectively enhance the

killing of DLBCL cells by NK cells. To verify this hypothesis, we

demonstrated that silencing CD70 in DOHH2 cells combined

with PD-L1 blockade significantly promoted killing of DLBCL

cells by NK cells. These results suggested that CD70 plays a key

role in the evasion of DLBCL cells fromNK cell killing. Targeting

CD70 in combination with anti-PD-L1 therapy could be a

promising strategy for DLBCL treatment.

Conclusion

CD70 was an SE-controlled gene that was driven by ZZZ3 for

transcription in DLBCL cells. The ZZZ3/CD70 axis in DLBCL

cells inhibited infiltrating NK cell killing and proliferation,

thereby promoting immune evasion of DLBCL cells. The

ZZZ3/CD70 axis has the potential to be a novel

immunotherapy target for DLBCL. Targeting ZZZ3/CD70 axis

combined with PD-L1 blockade is expected to be a promising

immunotherapeutic strategy for the treatment of DLBCL.
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Abstract

The focus of this study was to identify risk factors for severe and critical COVID-

19, evaluate local respiratory immune responses to SARS-CoV-2 infection, and

develop a prognostic tool for COVID-19 severity using accessible early

indicators. Using nasopharyngeal swab samples from hospitalized patients

with COVID-19 of varying severity during the first wave of the pandemic

from March to May 2020 in Louisiana, we evaluated the association

between COVID-19 severity and viral load, respiratory immune mediators,

and demographic/clinical factors. We found that the SpO2/FiO2 ratio at

triage, total comorbidity burden (represented by Charlson Comorbidity

Index), and gender were significantly associated with COVID-19 severity.

Using these early significant indicators, we developed a prognostic tool for

COVID-19 severity that is simple and convenient. Additionally, our study

demonstrated that elevated levels of respiratory immune mediators,

including IL-10, IL-6, MCP-1, and MCP-3, were significantly associated with

COVID-19 severity. We also found that viral load at the time of admission was

associated with disease severity. Our findings highlight the feasibility and

importance of evaluating the humoral component of local mucosal immune

responses and viral load at the infected site using convenient nasopharyngeal

swab samples, which could be an effective method to understand the

relationship between viral infection and immune responses at the early
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stages of infection. Our proposed prognostic tool has the potential to be useful

for COVID-19management in clinical settings, as it utilizes accessible and easy-

to-collect variables at the time of admission.

KEYWORDS

COVID-19, SARS-CoV-2, prognostic, Charlson Comorbidity Index, severity

Impact statement

Early identification of COVID-19 severity indicators is vital

for managing severe cases, allowing timely interventions to

minimize complications and fatalities. Our study devised a

practical prognostic tool for clinical settings, utilizing easily

accessible admission variables like oxygen saturation, Charlson

Comorbidity Index, and gender. Furthermore, we highlighted the

feasibility of evaluating the humoral component of local mucosal

immune responses and viral load using routine nasopharyngeal

swab samples. This approach offers valuable insights into

infection onset and informs targeted interventions, ultimately

reducing COVID-19 related complications and mortality.

Introduction

The virus that causes the COVID-19 disease, SARS-CoV-2,

has caused significant morbidity and mortality worldwide, with

over 776 million cases and 7 million deaths attributed to the virus

globally as of September 2024 [1]. The initial outbreak in

Louisiana, which began in March 2020, caused a tremendous

strain on the healthcare system [2, 3], leading to efforts to identify

early indicators of COVID-19 severity to manage critical cases

effectively. Rapid deterioration of respiratory function,

dysregulated host response, and subsequent multiple organ

failures are hallmarks of severe COVID-19 and are associated

with a high mortality rate [4]. The treatment of severe COVID-19

continues to be challenging and arduous. Timely intervention

based on early indicators of COVID-19 severity is essential to

reduce mortality and COVID-19-related complications [5, 6].

During the first pandemic wave (from 24th February to 31st

July, 2020), certain co-morbidities were indicated as primary risk

factors for hospitalization and severe disease outcomes, including

diabetes, obesity, COPD/smoking, and chronic kidney disease [7,

8], with additional demographic risk factors based on age and

race [7, 9].

Since the emergence of the COVID-19 pandemic,

understanding the relationship between viral load and disease

severity has also been a critical research topic. Several studies

have investigated this association, and the results have been

mixed. It was suggested that viral load, often proxied by the

qRT-PCR cycle threshold (CT or CQ value), is correlated with

disease severity and/or presentation across several studies

[10–19]. For example, one study found that higher viral load

in patients was correlated with a loss of smell/taste, though there

was no significant difference in the presentation of other

symptoms [20]. Other studies demonstrated a higher load in

severe vs. mild patients [14, 21, 22], or with the risk of

death [23–27].

However, the association between viral load and disease

severity or symptoms was not observed in other studies of

COVID-19, as several studies reported no difference in viral

load between asymptomatic patients and symptomatic patients

[28–32], or between severity of disease, gender, race identity, or

age groups [33–35]. One study found higher viral loads in non-

hospitalized patients [36]. Thus, no clear or consistent

association between viral load and disease state has emerged.

In addition to co-morbidities and viral loads, lymphopenia

elevated inflammatory markers in peripheral blood have been

consistently identified as biomarkers for COVID-19 severity.

Studies have shown that greater levels of

NLRP3 inflammasome activation in peripheral blood

corresponded with more severe COVID-19 [37], that low

expression of the IFNAR2 gene (an IFN 1 receptor subunit)

was associated with critical illness in COVID-19 patients [38],

that loss-of-function mutations in an another IFN I receptor

subunit (IFNAR1) was associated with severe COVID-19 cases

[39], and that auto-antibodies to IFN I were identified as a

potential factor for severe COVID-19 [40]. It is evident that

increased circulating IL-10, IL-6, IFN-gamma-inducible protein

10 (IP-10), and monocyte chemoattractant protein-1 and -3

(MCP-1 and MCP-3) are significantly associated with

COVID-19 severity [41–47]. However, these circulating

biomarkers are often observed during the late acute phase of

the disease and usually result from the disease severity [44–47].

The evaluation of the immune responses in the peripheral blood

compartment during the later phase of the disease may not

accurately reflect the early responses of local mucosal

immunity – the upper respiratory tract, which is essential for

the first-line defense against SARS-CoV-2 and shaping adaptive

immune responses. There is a need to better characterize the local

innate immune responses to SARS-CoV-2 during the early stage

of the disease. At the beginning of this first wave in March 2020,

we pivoted our academic research lab into a CLIA-approved

testing facility and partnered with local and state-wide facilities to

provide enhanced testing capabilities [2]. During this time, we

received nasopharyngeal swab samples from hospitalized

patients with a full spectrum of COVID-19 severity (from

mild, moderate to severe, and critical), spanning the first wave
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of the pandemic. Such cohorts allowed us to investigate the

tripartite problem of how individual risk factors and co-

morbidities, early local immune responses to SARS-CoV-

2 infection, and relative viral load are associated with disease

presentation and outcomes during the first wave of hospitalized

patients as this represents the emergence phenomenon.

Materials and methods

Study approval

Our retrospective study was conducted at River Road Testing

Lab [2], Louisiana State University (LSU), Pennington

Biomedical Research Center, and Our Lady of the Lake

Regional Medical Center. The study protocol was reviewed

and approved by LSU Health Sciences Center [IRB#20-979

and exempt under 45CFR46.104 (d), category 4] on May 14,

2020. The protocol was conducted in accordance with relevant

guidelines and institution policies. Because remnant

nasopharyngeal swab samples received during routine care

from SARS-CoV-2 infected patients were utilized in our

study, informed consent was waived. All study sites worked

under their approved biosafety protocols for handling SARS-

CoV-2 specimens. Additionally, the authors vouch for the

accuracy of the data reported.

Study participants

Because age is a significant predictor for COVID-19 severity,

a random stratified sampling scheme was applied whereby

patients were classified according to age using the following

categories: 18–59, 60–79, 80+. However, the youngest patient

FIGURE 1
Summary of the studied population.
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was 22 years of age. The SARS-CoV-2 infection was laboratory-

confirmed by quantitative reverse transcription PCR (qRT-PCR)

using FDA-approved CDC SARS-CoV-2 panel two [45]. Patients

were randomly selected from within each group for a target of

95–97 per group. This resulted in 287 unique individuals during

the period of March –May 2020.While demographic and clinical

information were successfully collected from all 287 patient

samples, leftover nasopharyngeal swab samples were available

from 218 patients. The leftover nasopharyngeal swab samples for

these 218 patients were used to evaluate immune and metabolic

mediators at the site of infection–the nasal mucosa. Viral loads

were determined in the samples from 174 patients.

Multiplex cytokine, adipokines assays, and
qRT-PCR for viral loads

Nasopharyngeal swab samples were not available from all

patients in our cohorts. Our available data are detailed in

Figure 1. Cell-free supernatants from nasopharyngeal swab

samples were incubated at 56°C for 20 min to deactivate

SARS-CoV-2 virions [48]. Then, heat-treated supernatants

were subjected to electrochemiluminescence-based multiplex

assays according to the manufacturer’s protocol (MSD). The

following analytes were measured: C-peptide, GLP-1, Glucagon,

Insulin, IP-10, Leptin, PYY, G-CSF, GM-CSF, IFN-α2a, IFN-γ,
IFN-β, IL-10, IL-12p70, IL-13, IL-15, IL-17A, IL-18, IL-1β, IL-1α,
IL-22, IL-23, IL-29, IL-33, TSLP, IL-4, IL-5, IL-6, MCP-1, MCP-

2, MCP-3, MCP-4, MDC, MIP-1α, MIP-1β, MIP-3α, MIP-3β,
and MIP-5. Samples with analytes concentrations below the limit

of detection (LOD) of the assay are replaced by a value equal to

the LOD divided by the square root of 2 [49]. The data

summaries are shown in Supplementary Table S1.

Quantitative reverse transcriptase PCR for
viral loads

Viral RNA nasopharyngeal swab samples were extracted,

transcribed, and amplified as previously described [50]. The

results were interpolated from an internal standard curve,

produced by identical processing of serial dilution of a known

copies-number of SARS-CoV-2 RNA stock (EDX, #COV019),

hereafter referred to as the viral load.

Data collection and coding

To investigate risk factors, anonymized clinical, paraclinical,

and demographic data from patients admitted to Our Lady of the

Lake (OLOL), were extracted into a REDCap database. To

anonymize information from patients, the remnant

nasopharyngeal swab samples from OLOL were relabeled with

lab sample’s ID before being sent to our lab. The lab’s sample ID

was used to communicate between OLOL and our lab.

Patient disposition was defined as “severe” if the patient was

admitted to the intensive care unit (ICU) or “deceased” if the

patient died due to COVID-19 during the hospitalization and

within 30 days of discharge. All other patients were coded as

“less severe.” Obesity was determined by body mass index

calculated from weight and height in the medical record,

based on the CDC adult definition of “obese” [51]. Biological

sex, age, and race were obtained from the medical record. Race

was collected as African American (AA), Caucasian, Asian,

and Other.

Patient cardiac, renal, pulmonary, hepatic, vascular, cancer,

diabetes, and connective tissue comorbidities, as well as age at

infection were also collected. To evaluate the combined impact of

these comorbidities on COVID-19 severity, we used weighted

Charlson Comorbidity Index (CCI) [52], a sum of weighted

scores for each comorbidity.

Statistics

The data are described using standard descriptive statistics. The

relationship of demographic, clinical, virological, and

immunological variables with the outcome of disease severity

(non-severe, severe, and deceased) was examined using ordered

logistic regression. The effect of variables on the development of

severe and deceased COVID-19 was represented as an unadjusted

odds ratio (ORs) with 95% confidence interval (CI). Severity was

tested for association with age, viral load, immune mediators,

demographical variables, and obesity status with ordinal logistic

regression while multinomial and bivariate logistic regression were

employed to test for association between viral load and race and sex,

respectively. Correlation matrixes for analytes was conducted using

non-parametric Spearman correlation with two-tailed p-values and

95% confidence interval (95% CI).

We use an exploratory approach to ensure a final model for

predicting COVID-19 severity. The initial multivariable ordered

logistic regression model included only variables with P ≤
0.05 from the bivariate analyses. Because continuous variables

were collected in different metrics, we used standard deviation

units to standardize all variables [53]. Details regarding the

selected variables are provided in Supplementary Table S1. A

final ordered logistic regression model retained only variables

with P ≤0.05.
Then, we used the final ordered logistic regression model to

calculate the coefficients of a formula to predict a logit

transformation of the probability of severe and critical

COVID-19, respectively. Thus, the logarithm of the odds is

log [P(Y ≤ j)/P(Y > j)] = logit [P(Y ≤ j)] = αj - ∑βiXi [54].

With Y is an ordinal outcome with J the degree of disease severity

(j = 1 for non-severe, j = 2 for severe, and j = 3 for deceased), P

(Y ≤ j) is the cumulative probability of Y less than or equal to a
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specific degree of disease severity. X is the value of the particular

predictors included in the final model. There are i = 3 predictors

in our parsimonious model (i = 1, 2, and 3). αj is the intercept for
specific (j) degree of disease severity; βi is the vector of regression

coefficient or the effect of the individual (i) predictors on the

specific outcome Y – degree of disease severity.

Statistical significance was assessed at the α = 0.05 level. The

associations were evaluated using odds ratios (OR) with 95%

TABLE 1 Demographic and clinical characteristics of enrolled COVID-19 patients.

Characteristics Deceased (n = 72) Severe (n = 59) Non_severe (n = 156) P-value

Age (Median [IQR]) 70.00 [58.75, 82.50] 64.00 [54.50, 74.00] 61.00 [48.00, 73.25] 0.002

LOS (Median [IQR]) 8.00 [4.00, 12.25] 7.00 [4.00, 13.50] 3.00 [1.00, 5.00] <0.001

ICU LOS (Median [IQR]) 2.00 [0.00, 6.00] 3.00 [2.00, 7.50] 0.00 [0.00, 0.00] <0.001

BMI (Median [IQR]) 28.82 [25.91, 37.42] 32.22 [27.86, 39.70] 31.06 [25.03, 37.19] 0.346

Temperature at triage (Median [IQR]) 99.25 [98.30, 100.38] 99.95 [99.03, 101.22] 99.00 [98.35, 100.30] 0.004

Heart rate at triage (Median [IQR]) 99.00 [89.00, 110.00] 98.00 [86.00, 111.25] 93.00 [80.00, 106.00] 0.112

Respiration rate at triage (Median [IQR]) 22.00 [18.00, 28.00] 20.00 [18.00, 23.25] 19.50 [18.00, 21.25] 0.004

SBP at triage (Median [IQR]) 125.00 [106.00, 135.50] 122.50 [110.00, 140.25] 127.50 [115.00, 141.00] 0.15

DBP at triage (Median [IQR]) 71.00 [63.00, 83.00] 72.00 [63.00, 83.50] 75.00 [66.00, 83.25] 0.381

SpO2 at triage (Median [IQR]) 95.00 [91.00, 97.00] 96.00 [93.00, 98.00] 97.00 [94.00, 99.00] 0.003

Sex (%) <0.001
Female 25 (34.7) 36 (61.0) 106 (67.9)

Male 47 (65.3) 23 (39.0) 50 (32.1)

Race (%) 0.386

African American 51 (70.8) 45 (76.3) 100 (64.1)

Caucasian 17 (23.6) 13 (22.0) 49 (31.4)

Others 4 (5.6) 1 (1.7) 7 (4.5)

Ethnicity (%) 0.581

Hispanic 0 (0.0)1 (1.7)2 (1.3)

Non_hispanic 72 (100) 58 (98.3) 154 (98.7)

Obesity (%)* (missing 10 data points) <0.001
Healthy 14 (19.7) 6 (10.2) 48 (32.7)

Obesity 33 (46.5) 33 (55.9) 67 (45.6)

Overweight 24 (33.8) 17 (28.8) 29 (19.7)

Underweight 0 (0.0) 3 (5.1) 3 (2.0)

Significant comorbidities present

Chronic pulmonary disease (%) 9 (12.5) 4/55 (6.8/93.2) 2/154 (1.3/98.7) 0.049

Mild liver disease (%) 2/70 (2.8/97.2) 0/59 (0.0/100.0) 0/156 (0.0/100.0) 0.049

Peripheral vascular disease (%) 3/69 (4.2/95.8) 1/58 (1.7/98.3) 0/156 (0.0/100.0) 0.043

Acute kidney injury = Checked/Unchecked (%) 22/50 (30.6/69.4) 11/48 (18.6/81.4) 25/131 (16.0/84.0) 0.038

Congestive Heart Failure = No/Yes (%) 50/16 (75.8/24.2) 47/5 (90.4/9.6) 126/18 (87.5/12.5) 0.042

COPD = No/Yes (%) 55/11 (83.3/16.7) 47/5 (90.4/9.6) 137/7 (95.1/4.9) 0.019

Liver Disease (%) 0.008

Mild 2 (3.0) 1 (0.7) 3 (5.8)

Moderate to Severe 3 (4.5) 0 (0.0) 0 (0.0)

None 61 (92.4) 143 (99.3) 49 (94.2)

Diabetes Mellitus (%) 0.003

End-organ damage 19 (28.8) 13 (25.0) 25 (17.4)

None or diet-controlled 27 (40.9) 25 (48.1) 98 (68.1)

Uncomplicated 20 (30.3) 14 (26.9) 21 (14.6)

Definition of abbreviation: IQR, interquartile range; LOS, length of stay; ICU, intensive care unit; BMI, bodymass index; SBP and DBP, systolic and diastolic blood pressure; SPO2, oxygen

saturation; COPD, chronic obstructive pulmonary disease.
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confidence interval (95% CI) and *p ≤ 0.05, **p ≤ 0.01, ***p ≤
0.01, and ****p ≤ 0.0001 as statistically significant. All statistics

were performed in R (version 4.0.4) in R Studio (1.4.17) and

SPSS (IBM).

Results

Characterization of the study cohort

We included 287 COVID-19 patient samples in our study.

These patients were admitted to local hospitals in Baton Rouge

from March 2020 to May 2020 with a range of COVID-19

severity, including 72 deceased, 59 severe, and 156 non-severe

patients (Table 1). Patients with severe COVID-19 were

hospitalized for significantly more days compared to patients

with less severe COVID-19 (Table 1). While race and ethnicity

are not significantly different between the three groups, age and

gender were not uniformly distributed across the three groups

(Table 1). Although body mass index (BMI) as a continuous

variable is not associated with COVID-19 severity, the BMI-

based obesity classification is significantly different among the

three groups (Table 1). We also evaluated the relationship of

more than 20 significant comorbidities with COVID-19

severity (Supplementary Table S1). Among these

comorbidities, the preexisting conditions related to hepatic,

renal, cardiac, and pulmonary diseases were significantly

associated with COVID-19 severity (Table 1). To evaluate

the total burden of these comorbidities on COVID-19

severity, we used the Charlson Comorbidity Index (CCI)

FIGURE 2
Vital signs at triage are associated with COVID-19 severity. The early vital signs at triage were compared between COVID-19 patients with non-
severe (n = 156) and severe symptoms (n = 59) and deceased patients (n = 72) and are represented as violin plots. (A) Total comorbidity burden; (B)
Temperature; (C) Respiratory rate; and (D) SpO2/FiO2 rate. Themedian is represented by themiddle line. Significance was determined using Kruskal-
Wallis non-parametric with post-hoc Dunn’s multiple comparison test. P ≤ 0.05 is considered as significant. ns: non-significant.

Experimental Biology and Medicine
Published by Frontiers

Society for Experimental Biology and Medicine06

Vu et al. 10.3389/ebm.2024.10193

63

https://doi.org/10.3389/ebm.2024.10193


(53). Accordingly, the clinical severity significantly worsened as

CCI increased (Figure 2B).

The early vital signs at triage are associated
with COVID-19 severity

To explore early predictors of disease progression, we next

examined the relationship of vital signs at triage with disease

severity. At triage, patients with severe COVID-19 or deceased

COVID-19 patients exhibited significantly higher body

temperature and respiratory rate as compared to patients with

non-severe COVID-19 (Figures 2B, C). Also, oxygen saturation

to fraction of inspired oxygen ratios (SpO2/FiO2) at triage were

significantly greater in non-severe COVID-19 patients compared

to their severe or deceased peers (Figure 2D). There was no

significant difference in either systolic (SBP) or diastolic blood

pressure (DBP) among the three groups studied (Table 1).

Local mucosal inflammatory responses
and respiratory viral load associated with
COVID-19 severity

To evaluate the local mucosal inflammatory responses, we

subjected remnant nasopharyngeal swab samples to

FIGURE 3
Patients with more severe COVID-19 exhibited greater levels of respiratory cytokines, adipokines, and viral load. Cytokines [IL-6 (A), IL-10 (B)],
chemokines [MCP-1 (C), MCP-3 (D)], adipokines [insulin (E)], and viral load (F) from samples collected at admission were compared between patients
with non-severe (n = 110), severe (n = 49), and deceased (n = 59) COVID-19. (A) Total comorbidity burden; (B) Temperature; (C) Respiratory rate; and
(D) SpO2/FiO2 rate. Viral load data were available from 89, 35, and 50 patients from the non-severe, severe, and critical COVID-19 groups,
respectively. The comparison are illustrated as violin plots. The median is represented by the middle dashed line. Significance was determined using
Kruskal-Wallis non-parametric with post-hoc Dunn’s multiple comparison test. P≤0.05 is considered as significant. ns: non-significant.
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electrochemiluminescence -based multiplex assays examining

7 adipokines and 38 cytokines and chemokines. These analytes

cover a wide range of inflammatory and metabolic pathways. We

found increased levels of respiratory IL-6 and IL-10 in patients with

more severe COVID-19 compared to less severe patients (Figures

3A, B). Similarly, patients with severe and critical COVID-19

exhibited significantly higher levels of monocyte chemoattractant

protein −1 and −3 (MCP-1 and MCP-3) (Figures 3C, D). Although

respiratory levels of insulin were significantly higher in severe

compared to non-severe patients, there was no difference

between severe and deceased patients regarding insulin levels

(Figure 3E). We found that the distributions of viral load were

significantly different between non-severe vs. deceased and severe vs.

deceased (Figure 3F).

FIGURE 4
SARS-CoV-2 load significantly correlates with respiratory IL10, MCP-1 and MCP-3. The heat maps illustrate the Spearman rank correlation
coefficient (Rho), varying from positive to negative correlation; green-white-dark yellow). The multiple comparison problems were controlled by
adjusted False-discovery rate-adjusted P values with significant: P ≤ 0.05 (uncrossed squares) and non-significant P> 0.05 (crossed squares). BMI:
body mass index; RR: respiratory rate; CCI: CCI: Total comorbidity burden – Charlson Comorbidity Index.
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SARS-CoV-2 load significantly correlates
with respiratory IL-10, MCP-1, and MCP-3

We next examined the relationship between viral load, local

mucosal immune mediators, and early clinical indicators. To

avoid the multiple comparisons problem, we only included

variables significantly different between disease severity groups

(Figure 4). We found that viral load was differentially correlated

with immune response markers depending on whether data were

aggregated over all patients or stratified based on disease severity

(Figure 4). The pattern of correlation was not homogenous. In

general, viral load was significantly and positively correlated with

MCP-1, MCP-3, and IL-10. When we stratified for the degree of

disease severity, several analytes were associated with viral load in

one but not the other groupings. For example, IL-10 was

positively and significantly correlated with viral load in

deceased or non-severe patients but not in severe patients. Of

note, there is no significant correlation between viral load and all

other variables (Figure 4). Indeed, when we binned individuals

into categories, ordered logistic regression revealed no

association between increasing age group and viral load [OR:

0.86, 95% CI: (.73, 1.01)] (Supplementary Figure S1).

Next, we investigated whether viral load in this population

was associated with being African American (“AA”) vs. not

African American “(non-AA”). Logistic regression showed no

association between viral load and identification as AA vs. not

AA (Supplementary Figure S1). Similarly, we tested for an effect

of biological sex (male vs. female) and found none

(Supplementary Figure S1). On the other hand, viral load was

significantly and positively correlated with age and CCI in

deceased patients (Figure 4).

We observed a significant positive correlation among MCP-

1, MCP-3, and IL-6 regardless of the degree of disease severity

(Figure 4), suggesting common immune responses to SARS-

CoV-2 infection. Although IL-10 and IL-6 were not correlated

within the group of patients with severe COVID-19, they were

directly proportional in deceased and non-severe groups.

Among early clinical and demographic indicators, we

consistently observed a strong positive correlation between age

at infection and CCI in all studied groups. In contrast, respiratory

rate and SpO2/FiO2 ratio were not correlated with other variables

regardless of disease severity. Intriguingly, in general, body

temperature at triage was significantly correlated with

BMI (Figure 4).

Male individuals with reduced SpO2/
FiO2 ratio and increased CCI are at greater
risk of developing severe and critical
COVID-19

Having demonstrated the association between clinical and

immunological factors with COVID-19 severity, we next sought

to evaluate their potential predictability for disease severity.

First, the relationship of individual factors with the severity of

disease was assessed using ordered logistic regression

(Figure 5A). To establish parsimonious models, we only

tested the relationship of the severity of disease with factors

that are not uniformly distributed among studied groups (non-

severe, severe and deceased groups). We found that female

(OR, 0.35; 95% CI, 0.19–0.64) individuals with high SpO2/FiO2

ratio at triage (OR, 0.37; 95% CI, 0.27–0.51) are at 2.86- and

2.7 fold lower risk of developing severe/critical COVID-19,

respectively (Figure 5A). In contrast, higher CCI, age at

infection, viral load, respiratory IL-10, and respiratory rate

at triage were the drivers of worse clinical outcome. There was

no significant association of other variables with COVID-19

severity by ordered logistic regression (Figure 5A). However, it

is noteworthy that BMI-based obesity was significantly

different among the three groups of patients (Non-severed

vs. Severe vs. Deceased) with greater numbers of overweight

and obese individuals classified as severe (33 obese,

17 overweight, 6 healthy weight) or deceased (33 obese,

24 overweight, 14 healthy weight) as compared to healthy

weight and this is reflected in Table 1.

Among these 7 variables (gender, SpO2/FiO2 ratio at triage,

CCI, respiratory IL-10, viral load, respiratory rate at triage,

and age at infection), only CCI, SpO2/FiO2 ratio at triage,

gender, and respiratory rate at triage were retained as

potential risk factors in the final ordered logistic

regression (Figure 5B). Because respiratory rate and SpO2/

FiO2 ratio are clinically similar variables, only SpO2/FiO2

ratio, CCI, and gender were included in developing the

parsimonious model. The combined influence of gender,

SpO2/FiO2 ratio at triage, and CCI in the final ordered

logistic regression model is illustrated in Figure 6. With

the same levels of three risk factors, the probability of

patients with non-severe COVID-19 developing severe

disease (non-severe that escalates to severe) is higher than

the probability of patients with severe COVID-19

progressing to more critical COVID-19 (severe that

escalates to death). The effect of CCI and SpO2/FiO2 ratio

at triage on the development of severe and deceased COVID-

19 was greater in patients identifying as male. For example, a

female patient with SPO2/FiO2 ratio of 224 at triage and CCI

of 10 has a 14.9% probability of developing severe COVID-19

(if admitted without severe symptoms) and a 4.6%

probability of progressing to critical/deceased COVID-19

(if admitted with severe symptoms). These probabilities

will be significantly higher for male patients. For a male

patient with the same SpO2/FiO2 ratio of 224 at triage and

CCI of 10, the probabilities increase to 30.2% (non-severe

progressing to severe) and 10.7% (severe progressing to

critical/deceased). Therefore, males with reduced SpO2/

FiO2 ratio and increased CCIs are at greater risk of

developing severe and critical/deceased COVID-19.
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Discussion

Our current study demonstrated that SpO2/FiO2 ratio at

triage, CCI, and gender are significant risk factors for developing

severe and critical COVID-19 (Figure 5B). By leveraging these

early indicators, the study established a practical prognostic tool

for COVID-19 severity (Figure 6). As the variables included in

our model are readily available and easily collected upon

admission, this tool could prove valuable for COVID-19

management in the clinical setting and possibly other acute

respiratory distress syndrome (ARDS) scenarios.

Using the residual nasopharyngeal swab samples, our study

demonstrates the significant association between respiratory

immune mediators (including IL-10, IL-6, MCP-1, and MCP-

3) and COVID-19 severity (Figures 3A–D). In addition, our data

reveal that viral load at the time of admission is associated with

disease severity or mortality among hospitalized patients during

the first wave of SARS-CoV-2 in Louisiana, USA (Figure 3F).

This contributes to the growing evidence that viral load is a

potential indicator of COVID-19 severity and a prognostic

marker [10–19].

Numerous studies have proposed prediction models for

COVID-19 severity [55–59]. In these previous studies,

immune mediators in peripheral blood were used to predict

the outcome of COVID-19. Although these immune mediators

are strongly associated with COVID-19 severity and were shown

as independent indicators for the progression of COVID-19, they

were detected during the late acute phase of the disease (day

5–20 post-symptoms onset) and more likely resulted from

developing severe disease [55–59]. Moreover, these immune

mediators are not always easily accessible in clinical settings

or available in a timely manner. These limitations hinder the

predictability of immune-related variables in forecasting

COVID-19 severity. In contrast, our study employs early and

common clinical indicators, including SpO2/FiO2 ratio at triage,

CCI, and gender, to create straightforward and convenient

prognostic model for COVID-19 severity (Figure 6).

Considering the complexity and dynamic nature of COVID-

19 progression, which rapidly changes throughout the disease

course, we designed our model to calculate the probability of

non-severe patients developing severe COVID-19 and the

probability of severe patients developing more critical/

deceased symptoms separately. As a result, our model offers a

supplementary tool for assessing the risk of developing severe

and critical/deceased COVID-19 in clinical settings at the time of

admission without the need for additional paraclinical

parameters. Additionally, we provide a method for designing

parsimonious prognostic models for other viral respiratory

infection diseases (Figure 5). However, due to the moderate

sample size (n = 174), it is necessary to validate the predictive

capacity of our proposed model in larger, independent cohorts.

Our current study also examined immunological mediators

and viral load from remnant nasopharyngeal swab samples. It is

evident that the exacerbated pro-inflammatory responses to

FIGURE 5
SARS-CoV-2 load, respiratory IL10, SPO2/FiO2 ratio, respiratory rate, gender and CCI at admission are significant risk factors for more severe
COVID-19. Plots of risk factors for the development of more severe and critical COVID-19, using ordered logistic regression of individual factors (A);
and the combining effects for these potential risk factors (B). The vertical line represents an odds ratio of 1. Odds ratios were represented as median
with 95% confidence interval. P ≤ 0.05 is considered as significant.
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SARS-CoV-2 are significantly associated with more severe

COVID-19 immunopathology [41–47]. While studies have

provided insights from immune mediator levels in peripheral

blood following SARS-CoV-2 infection, the immune responses in

the peripheral blood compartment may not accurately reflect the

local immune responses at a more relevant infected site. Herein,

we demonstrated the significant association between elevated

levels of respiratory immune mediators (including IL-10, IL-6,

MCP-1, andMCP-3) and COVID-19 severity. MCP-1 andMCP-

3, produced mainly by cells such as airway epithelial cells,

endothelial cells, and myeloid cells, were found to be

monocyte chemotactic proteins for myeloid and lymphoid

cells [60]. The increased MCP-1 and MCP-3 in more severe

COVID-19 reinforce the pathogenic role of the exacerbated pro-

inflammatory responses in COVID-19.

Using remnant nasopharyngeal swab samples, which are

more accessible and less invasive than peripheral blood

collection, we not only reinforce the previous findings on the

association of increased circulating immune mediators and more

severe COVID-19 [41–47, 61, 62] but more importantly

demonstrate the feasibility of evaluating the humoral

component of local mucosal immune responses and viral load

FIGURE 6
The combined influence of CCI, SpO2/FiO2 ratio at triage and gender on the development of more severe COVID-19 using ordered logistic
regression. Considering Y is an ordinal outcome with J the degree of disease severity (j = 1 for non-severe, j = 2 for severe and j = 3 for deceased), P
(Y ≤ j) is the cumulative probability of Y less than or equal to specific degree of disease severity. Therefore, the odds of being less than or equal to
specific degree of disease severity is P(Y ≤ j)/P(Y > j). Accordingly, the logarithm of the odds is log [P(Y ≤ j)/P(Y > j)] = logit [P(Y ≤ j)]. With X is value
of the particular predictors included in the final model. There are i = 3 predictors in our parsimonious model (i = 1, 2,3). αj is the intercepts for specific
(j) degree of disease severity; βi is the vector of regression coefficient or the effect of individual (i) predictors on the specific outcome Y–degree of
disease severity. In this context, logit [P(Y ≤ j)] = αj -∑βiXi. In the final ordered logistic regression model: α (non-severe vs. severe) = 1.34; α (severe vs.
deceased) = 2.62; β(male) = 0.901; β(CCI) = 0.15; β(SPO2/FiO2) = −0.95.
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at the infection site. This method allows us to evaluate the viral

load and mucosal immune responses at the site of SARS-CoV-

2 infection at the same time point, helping understand the

relationship between viral infection and mucosal immune

responses at the early of infection. Increased MCP-1 has been

shown to be significantly and negatively correlated with the

inhibition of interferon regulatory factor 3 (IRF3) pathway in

patients with severe COVID-19 [63]. It is evident that the SARS-

CoV-2 spike and Nsp12/6 proteins attenuate the host’s innate

immune responses by suppressing IRF3-induced type 1 IFN

production [64–66], suggesting the mechanism of immune

evasion to facilitate the viral replication and COVID-19

severity. Together these data suggest that increased MCP-1

levels are significantly and negatively correlated with

attenuated type 1 IFN production and, therefore, positively

correlated with elevated viral load. Indeed, we found that

increased viral load is associated with more severe COVID-19

and significantly, positively correlated with IL-10, MCP-1, and

MCP-3 (Figures 3F, 4). Our data confirm the previous studies on

the positive association of excessive cytokines and increased viral

load with COVID-19 severity.

However, unlike data on peripheral cytokine responses,

findings on viral load in association with COVID-19 severity

are highly inconsistent among studies [18, 22] due to several

factors. First, the disparities in the timing of sample collection

contribute to inconsistency, as viral replication kinetics rapidly

change over the course of the disease due to host immune

responses. Controlling for varying degrees of different stages of

the disease is essential for interpreting viral load data. However,

these confounding effects were often not examined in

numerous studies [10–27]. When available, the peak of viral

load in longitudinal samples can be used to standardize the

findings across studies. Second, viral load data were determined

in different specimens, including respiratory [21] and plasma

samples [67]. It has been shown that viremia is associated with

severe and critical COVID-19 and is often under the limit of

detection in asymptomatic and less severe patients [68]. The

viremia in severe and critical COVID-19 patients is not

comparable with viral load in respiratory samples, which is

available in patients with a full spectrum of the disease severity

(from asymptomatic to critical).

Our current study has certain limitations. During the first

wave of COVID-19 (from March to May 2020), there was an

extremely urgent need to identify the SARS-CoV-2 infected

patients among patients with respiratory-related illnesses

using nasopharyngeal swabs. Early in the pandemic, most

COVID-19 patients at our institution were in isolation,

making it difficult to collect longitudinal specimens and all

relevant patient information, such as the day of symptom

onset. We are aware that the single-time point respiratory

sample collection in our study only represents a snapshot of

changes in local immune responses. Because viral replication

and immune responses to viral infection change throughout

the disease, it is clear that the temporal profiles of infection

need to be considered to get a clear picture of the relationship

between viral load and immune responses. Nevertheless, our

data demonstrate that even using remnant nasopharyngeal

swab samples collected at admission and stored frozen for

several months, we are able to observe early local mucosal

responses to SARS-CoV-2 at the infected site. Once again, our

study emphasizes the importance of considering the

relationship between viral load and immune responses as

investigating the mechanism of COVID-19 pathology. It

also shows the value of early detection of risk factors and

potential prognostic markers for clinical management.

Nonetheless, the study also notes the need for validation in

larger cohorts.
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