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Background

Sickle cell disease (SCD) is a chronic condition characterized by inflammation, immune dysregulation, and debilitating pain.





Aim

This study investigates soluble immune checkpoints (sICPs) and their associations with inflammatory mediators, immune cell profiles, autoantibodies, and clinical outcomes in SCD.





Method

Peripheral blood samples from 50 SCD patients and 40 demographic-matched healthy controls (HCs) were analyzed for 37 sICPs, 80 inflammatory mediators, and 18 autoantibodies using multiplex assays, alongside immune cell profiles via flow cytometry. Pain and quality of life (QoL) were assessed through patient-reported outcome measures (PROMs).





Results

Twenty-three sICPs, including arginase-1, BTLA, CD27, CD28, CD47, CD80, CD96, CD134, CD137, CD152, GITR, HVEM, IDO, LAG-3, MICA, MICB, Nectin-2, PD-1, Siglec-7, Siglec-9, TIM-3, TIMD-4, and VISTA, were significantly elevated in SCD patients compared to HCs. These sICPs correlated with multiple proinflammatory mediators (e.g., IL-18), autoantibodies (e.g., MPO), and immune cell activation markers (e.g., CD38/HLA-DR on CD8 T cells). Notably, CD28, CD152, HVEM, and VISTA were strongly associated with systemic inflammation and immune cell activation, while BTLA, LAG-3, PD-1, and CD80 correlated with pain and anxiety scores and QoL.





Conclusion

This study highlights complex interactions between sICPs, immune activation, inflammation, and clinical outcomes in SCD, underscoring their potential as biomarkers or therapeutic targets to alleviate inflammation and improve QoL in this challenging clinical population.
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1 Introduction

Sickle cell disease (SCD) is a complex, lifelong condition characterized by systemic involvement and significant complications, including acute and chronic pain, anemia, stroke, pulmonary hypertension, and progressive organ damage (1, 2). Clinically, SCD alternates between two distinct states: the steady-state (StSt) phase, often presenting with mild symptoms related to chronic hemolysis and ongoing discomfort, and the acute vaso-occlusive crisis (VOC) phase, marked by severe pain episodes and potentially life-threatening complications such as acute chest syndrome and stroke due to blood vessel blockages by sickle-shaped red blood cells (3–5). Central to the pathology of SCD is a state of chronic inflammation and immune dysregulation, which underpins the disease’s clinical manifestations and contributes to its progression.

Chronic inflammation in SCD patients is driven by various mechanisms, including hemolysis, ischemia-reperfusion injury, oxidative stress, and immune dysregulation. Hemolysis releases hemoglobin and heme into circulation, triggering the activation of immune cells through NF-κB and TLR4 pathways, resulting in elevated levels of inflammatory cytokines such as IL-1β, IL-6, and TNF-α (6–8). Additionally, the ischemic and hypoxic conditions caused by vascular occlusion activate endothelial cells, promoting the expression of adhesion molecules and the recruitment of leukocytes, which further amplify the inflammatory cascade (9, 10). Autoimmune processes also play a role, with the production of autoantibodies driven by aberrant B-cell activation contributing to immune complex formation and tissue damage (11, 12). These sustained inflammatory responses are compounded by the oxidative stress inherent to SCD, further exacerbating endothelial dysfunction and immune cell activation.

Despite advances in understanding SCD pathophysiology, gaps remain in identifying the full spectrum of immune regulatory mechanisms involved in the disease. Recent advances have identified soluble immune checkpoints (sICPs) as critical modulators of immune regulation and inflammation (13, 14). Soluble forms of immune checkpoint (ICP) molecules, generated via protease-mediated shedding or alternative mRNA splicing, act as circulating regulators of immune responses. They play diverse roles in maintaining immune homeostasis, interacting with inflammatory pathways, and acting as biomarkers of disease severity or therapeutic response. While sICPs have been recently studied in conditions such as cancer, chronic viral infections, and autoimmune diseases, their role in SCD remains unexplored.

Given that chronic inflammation and immune dysregulation are prominent in SCD patients, studying sICPs could provide valuable insights into the disease’s inflammation and immune landscape. These molecules may represent novel biomarkers of disease severity or therapeutic targets, offering a new avenue for understanding and managing SCD. This study seeks to address this gap by utilizing baseline clinical samples from our clinical trial (NCT05045820) to investigate the levels and roles of sICPs in SCD for the first time. Alongside profiling inflammatory mediators, autoantibodies, and immune cell profiles, we aim to elucidate the associations between sICPs, inflammation, immune dysregulation, and clinical outcomes, including VOCs, pain severity, and quality of life (QoL) measures. By integrating this analysis, we provide insights into mechanisms underlying SCD pathophysiology and identify potential targets for innovative therapeutic interventions.




2 Materials and methods



2.1 Study participants

Eligible participants aged 14 to 80 were individuals diagnosed with SCD who experienced chronic pain within the last 6 months and/or at least one VOC in the past 12 months. Participants also met the following inclusion criteria: no recent changes in stimulant medication, willingness to continue ongoing treatments, and agreement to avoid new medications or pain management methods during the study. Major exclusion criteria included confirmed or suspected COVID-19, recent or ongoing acupuncture for pain management (within the last 6 months), presence of autoimmune or inflammatory diseases, and blood transfusion within 90 days before enrollment. Age-, gender-, and ethnicity-matched healthy controls (HCs) without SCD were also recruited. This study is part of our ongoing randomized clinical trial in SCD, and comprehensive criteria are available at ClinicalTrials.gov (NCT05045820).

Peripheral blood was collected from 50 SCD participants at steady-state (StSt) (58% female; median age: 31 years) and 40 HCs (60% female; median age: 33.5 years). All participants were Black/African American. Blood samples were collected between July 2021 and June 2024 from Indiana University Health hospitals, the Indiana Hemophilia & Thrombosis Center, community hospitals, and other external medical facilities. Plasma was separated and stored at -80°C, while peripheral blood mononuclear cells (PBMCs) were cryopreserved in liquid nitrogen or used directly. Detailed demographic, clinical, and laboratory characteristics are summarized in Table 1.


Table 1 | Demographics and clinical characteristics of SCD patients.
	Parameters
	HCs (n=40)
	SCD (n=50)
	p value



	Demographics


	Age (years)
	33.5 (20.5-48.0)
	31 (23.5-42.3)
	0.76


	Gender (% females)
	24 (60%)
	29 (58%)
	0.85


	SS/Sb0/SC/Sb+ thalassemia/α thalassemia (n/n/n/n/n)
	–
	29/3/14/3/1
	 


	Body mass index (kg/m2)
	27.0 (23.8-33.9)
	23.8 (20.8-28.4)
	0.001


	Infarction
	–
	5 (10%)
	 


	Disease-Modifying Therapies


	Hydroxyurea
	–
	24 (48%)
	 


	Chronic Transfusion Therapy
	–
	6 (12%)#
	 





Data are shown as median and interquartile range or number and percentage. SCD, sickle cell disease; HCs, healthy controls. The Mann-Whitney test was used to compare differences between SCD patients and HCs for continuous variables. χ 2 test was used for comparison of gender distribution between the two groups. p < 0.05 was considered significant (bolded). #Among these 6 patients underwent chronic transfusion therapy, 3 (50%) received red cell blood exchange (RCBX).






2.2 Patient-reported outcome measures

PROMs were collected using validated tools as used in our previous published work (15). The PainDETECT Questionnaire assessed neuropathic pain (higher scores indicated higher pain) (16, 17), while PROMIS-29 assessed pain intensity, interference, and physical dysfunction (18). The recency and frequency of VOCs were assessed by the Adult Sickle Cell Quality-of-Life Measurement Information System (ASCQ-Me) (19). Depression and anxiety were evaluated with the Hospital Anxiety and Depression Scale (HADS), and pain-related QoL was measured using the Pediatric Quality of Life Inventory (PedsQL, both peds and adult versions) (20). The Fibromyalgia Survey Questionnaire (FSQ), which includes the Widespread Pain Index, was used as a surrogate measure of nociplastic pain (21). Results from these assessments, including significant differences between SCD and HC groups, are presented in Table 2.


Table 2 | Patient-reported outcome measures (PROMs).
	PROMs
	HCs (n=31-40)
	SCD (n=37-48)
	p value



	PainDetect_Total score
	7 (7-7)
	19 (13-24)
	<0.0001


	BPI_Pain Interference Score
	0 (0-0)
	3.7 (0.7-3.7)
	<0.0001


	FSQ_Widespread Pain Index
	0 (0-0)
	6 (2-8)
	<0.0001


	PROMIS-29_Physical Dysfunction Score
	4 (4-4)
	8 (5-12)
	<0.0001


	PROMIS-29_Pain Intensity Score
	0 (0-1)
	5 (4-6)
	<0.0001


	HADS_Depression Score
	1 (0-3)
	6 (2-8)
	0.0001


	HADS_Anxiety Score
	2 (1-4)
	6 (3-8)
	<0.0001


	ASCQ-Me_Pain Episode Frequency Score
	N/A
	8 (6-9)
	 


	Number of VOCs in preceding 12 months
	N/A
	5 (2-7)
	 


	PedsQL Total Score
	N/A
	56 (44-56)
	 





Data are shown as median and interquartile range. HCs, healthy control; SCD, sickle cell disease; BPI, Brief Pain Inventory; FSQ, Fibromyalgia Survey Questionnaire; PROMIS, Patient-Reported Outcomes Measurement Information System; HADS, Hospital Anxiety and Depression Scale; ASCQ-Me, Adult Sickle Cell Quality of Life Measurement Information System; VOC, vaso-occlusive crisis; PedsQL, Pediatric Quality of Life Inventory. The Mann-Whitney test was used to compare differences between SCD patients and HCs. p < 0.05 was considered significant (bolded).






2.3 Multiplex immunoassays

The ProcartaPlex Human Immune Checkpoint Panel 37plex (Cat. #: EPX370-15846-901, Invitrogen, Carlsbad, CA) was used to quantify plasma concentrations of thirty-seven sICPs, including twenty inhibitory ICPs (Arginase-1, B7-H6, BTLA, CD47, CD48, CD73, CD152, CD276, HVEM, IDO, LAG-3, PD-1, PD-L1, PD-L2, PVR, S100A8/A9, Siglec-7, Siglec-9, TIM-3, and VISTA) and seventeen stimulatory ICPs (CD27, CD28, CD80, CD96, CD134, CD137, E-Cadherin, GITR, ICOSL, MICA, MICB, Nectin-2, Perforin, TIMD-4, ULBP-1, ULBP-3, and ULBP-4). As the immune modulatory functions of the sICPs are not yet fully understood, we classified the sICPs as either inhibitory or stimulatory based on their membrane-bound counterparts. HVEM was originally described as an immunosuppressive molecule but has been found to exhibit dual functionality, depending on the receptors or ligands it engages. For simplicity, we classified HVEM as an inhibitory ICP. ProcartaPlex Human Immune Response Panel 80plex (Cat. #: EPX800-10080-901, Invitrogen) was used to quantify plasma concentrations of eighty inflammatory mediators, including twenty-seven inflammatory cytokines (IFN-α, IFN-γ, IL-1α, IL-1β, IL-2, IL-3, IL-4, IL-5, IL-6, IL-9, IL-10, IL-12p70, IL-13, IL-15, IL-16, IL-17A, IL-18, IL-21, IL-22, IL-23, IL-27, IL-31, IL-37, MIF, TNF-α, TNF-β, and TSLP), twenty-seven chemokines (BLC, CCL1, CCL17, CCL21, CCL23, CCL25, CXCL6, ENA-78, Eotaxin, Eotaxin-2, Eotaxin-3, Fractalkine, Gro-α, IL-8, IP-10, I-TAC, MCP-1, MCP-2, MCP-3, MCP-4, MDC, MIG, MIP-1α, MIP-1β, MIP-2α, MIP-3α, and MIP-3β), twelve growth factors (bNGF, FGF-2, G-CSF, GM-CSF, HGF, IL-7, IL-20, IL-34, LIF, M-CSF, SCF, and VEGF-A), twelve soluble receptors/proteins (APRIL, BAFF, CD30, CD40L, Gal-3, IL-2R, MMP-1, PTX3, TNF-RII, TRAIL, TREM-1, and TWEAK), and two serine proteases (Granzyme A and Granzyme B). The MILLIPLEX MAP Human Autoimmune Autoantibody Panel (Cat. #: HAIAB-10K, MilliporeSigma, Burlington, MA) was used to quantify plasma concentrations of eighteen anti-human autoantibodies, including anti-C1q, anti-Centromere Protein A (CENP-A), anti-Centromere Protein B (CENP-B), anti-β 2-glycoprotein, anti-Ku, anti-Mi-2, anti-myeloperoxidase, anti-proliferating cell nuclear antigen A (PCNA), anti-PM/Scl-100, anti-proteinase 3, anti-Ribosomal P, anti-Ribonucleoprotein (RNP), anti-RNP/Smith (RNP/Sm), anti-Scl-70, anti-Sm, anti-Sjögren′s Syndrome-related antigen B/La (SSB/La), anti-anti-Sjögren′s Syndrome-related antigen A/Ro52 kDa (SSA/Ro52), and anti-Sjögren′s Syndrome-related antigen A/Ro60 kDa (SSA/Ro60). The beads were read on a BioPlex 200 system (Bio-Rad, Hercules, CA). The standards at 4-fold serial dilutions were run on each plate in duplicate and used to calculate the concentrations of sICPs and inflammatory mediators using the Bio-Plex Manager Software (Bio-Rad, Hercules, CA) as previously reported (15, 22). Plasma samples were diluted 100-fold for the autoantibody multiplex assay, and the levels of the autoantibodies were reported as mean fluorescence intensity (MFI) after background MFI subtraction. The inter-assay CV for the 37plex ICP kit and the 80plex kit is <15% and the inter-assay precision for the autoantibody kit is <20%. The lower limits of quantifications (LLOQ) for the 37plex ICP kit and the 80plex kit are provided by the manufacturer.




2.4 Flow cytometry

Frozen PBMCs were incubated with a fixable viability dye (Thermo Fisher Scientific, Cincinnati, OH, USA) to exclude dead cells prior to analysis. Cells were then stained with fluorochrome-conjugated antibodies against cell lineage markers (BV510-CD3 (clone; OKT3), BV605-CD4 (clone: SK3), Alexa Fluor 700-CD14 (clone: 63D3), BV650-CD16 (clone: 3G8), BV711-CD19 (clone: HIB19), BV785-CD56 (clone: 5.1H11), PE-Dazzle 594-CD161 (clone: HP-3G10), and PE-MR1-tetramer loaded with the ligand 5-OP-RU) and three immune cell activation markers (PE-Cy7-CD38 (clone: HIT2), FITC-CD69 (clone: FN50), and PerCp-Cy5.5-HLA-DR (clone: L243) and two membrane ICP (mICPs)/exhaustion markers (BV421-PD-1 (clone: EH12.2H7) and APC-TIM-3(F38-2E2)). PE-Cy7, FITC-, PerCp-Cy5.5-, BV421-, and APC-conjugated isotype control antibodies were used to set gates for positive expression for the activation markers and mICPs. All antibodies were purchased from BioLegend (San Diego, CA, USA). The MR1 tetramers were produced by the NIH Tetramer Core Facility as permitted to be distributed by the University of Melbourne. Stained cells were acquired using a BD LSRFortessa flow cytometer (BD Biosciences, San Jose, CA). Flow data were analyzed using FlowJo v10 software (Tree Star, San Carlos, CA). Immune cell types were gated as follows: Single live cells were divided into monocytes (MC) and lymphocytes (LYM) based on their forward scatter and side scatter characteristics. CD14 and CD16 expression were used to further divide MC into classic (CD14hiCD16-), non-classic (CD14loCD16hi), and transitional MC (CD14hiCD16+) subsets. Among LYM, B cells were defined as CD19+CD3-. Non-B LYM were further divided into T cells (CD3+) and NK cells (CD3-CD56+). T cells include the innate T cells subsets MAIT cells (CD161hiMR1-tetramer+) and NKT cells (CD3+CD56+) as well as CD4+ T cells (CD3+CD4+) and CD4- T cells (CD3+CD4-). As CD4- T cells are mostly CD8 T cells, they were defined as CD8 T cells.




2.5 Statistical analysis

Statistical analysis was performed using GraphPad Prism 10 and R (version 4.5.0). Data were expressed as median and interquartile range. Differences between 2 groups were calculated using the Mann-Whitney test for continuous variables. The χ2 test was used for comparison between two groups for gender distribution. Adjusted p-values were calculated for the 37plex, 80plex, and 18plex analytes using the Holm-Šídák correction for multiple comparisons.

Inflammatory mediators elevated in the SCD participants were used for subsequent Spearman correlation analyses performed in R using the pcor.test() function from the ppcor package, with age, gender, SCD genotype, hydroxyurea (HU) treatment, body mass index (BMI), and chronic transfusions included as covariables. SCD genotype was modeled as a binary covariate, distinguishing the classically more severe genotypes (HbSS and HbSβ°) from less severe forms (HbSC and HbSβ+) (23, 24). This binary stratification approach was chosen due to the limited number of participants in some diagnostic subgroups (e.g., Sβ° n = 3), which precludes stable estimation in more granular models and increases the risk of type II error.

As the sICP x 80-plex comparison generated 1,540 correlations, we controlled multiplicity by applying a false discovery rate using the Benjamini-Hochberg method. The full matrix of raw and false discovery rate (FDR)-adjusted p-values is provided in Supplementary Table S1. All partial correlation analyses were conducted using listwise deletion, such that any pairwise comparison was performed only in cases with complete data for both target variables and all covariates. Analytes in the ICP and 80plex multiplex immunoassays with values below the LLOQ were replaced with 0.1-fold of the LLOQ values provided by the manufacturer. In sICP analyses where over ≥50% of samples were below LLOQ, analysis of the marker was ignored. Significance was set at p < 0.05, except for the sICP × 80-plex matrix, where q < 0.05 applied.

We conducted a power analysis for Spearman correlation to evaluate the ability to detect statistically significant associations under a multiple-testing framework. Assuming a moderate correlation effect size (ρ = 0.4), a sample size of 90, and a total of 1,540 pairwise tests, statistical power was estimated using a 5% FDR threshold controlled via the Benjamini-Hochberg procedure. The analysis indicated statistical power exceeding 91.7% to detect true associations of this magnitude, demonstrating that the study is well-powered to identify moderate correlations while appropriately controlling for false positives. Power calculations were performed using PASS 2019 (v19.0.1).





3 Results



3.1 Characteristics of the SCD study cohort: demographics and patient-reported outcomes

The demographic and clinical characteristics of 50 SCD participants, alongside 40 healthy controls (HCs), are summarized in Table 1. There were no significant differences between SCD participants and HCs in terms of age (median: 31 vs. 33.5 years; p = 0.76) or gender distribution (58% vs. 60% females; p = 0.85). BMI was significantly lower in the SCD group compared to HCs (median: 23.8 vs. 27.0 kg/m²; p = 0.001). Five SCD participants (10%) had a history of infarction. Among SCD participants, 48% were on HU therapy, and 12% received chronic transfusion therapy.

PROMs indicated significantly greater pain burden in SCD participants compared to HCs, as detailed in Table 2. SCD participants reported higher PainDETECT scores (median 19 vs. 7; p < 0.0001), greater pain interference (median Brief Pain Inventory score: 3.7 vs. 0; p < 0.0001), and more widespread pain (FSQ Widespread Pain Index: median 6 vs. 0; p < 0.0001). Physical functioning and pain intensity scores were significantly worse among SCD participants (PROMIS-29 Physical Dysfunction Score: median 8 vs. 4; p < 0.0001 and PROMIS-29 Pain Intensity Score: median 5 vs. 0; p < 0.0001). Depression and anxiety levels were elevated (HADS Depression: median 6 vs. 1; p = 0.0001; HADS Anxiety: median 6 vs. 2; p < 0.0001). SCD participants reported multiple VOCs in the past 12 months (median: 5 events) and had a median PedsQL of 56.




3.2 Circulating sICPs were highly dysregulated in SCD patients

All sICPs, except for four (CD48, ULBP-1, ULBP-3, and ULBP-4), were detected in the plasma samples from both SCD patients and HCs. SCD patients exhibited significantly dysregulated levels of multiple sICPs compared to HCs (Table 3). Among the twenty inhibitory sICPs examined, twelve were elevated in SCD patients, including arginase-1, BTLA, CD47, CD152 (CTLA-4), HVEM, IDO, LAG-3, PD-1, Siglec-7, Siglec-9, TIM-3, and VISTA. After adjusting for multiple comparisons, seven (CD47 BTLA, CD152, HVEM, Siglec-7, TIM-3, and VISTA) remained significantly upregulated. Among the seventeen stimulatory sICPs examined, eleven of them, including CD27, CD28, CD80, CD96, CD134 (OX40), CD137 (4-1BB), GITR, MICA, MICB, Nectin-2, and TIMD-4, were markedly elevated in SCD patients, and all except CD96, GITR, and MICB remained significantly different after multiple comparison adjustment (Table 3). These findings highlight a dysregulated circulating immune profile.


Table 3 | Plasma levels of sICPs in SCD patients versus HCs.
	sICP (pg/ml)
	HCs (n=40)
	SCD (n=50)
	p
	Adjusted p



	Inhibitory sICPs
	Arginase-1
	0.8 (0.8-0.8)
	0.8 (0.8-13.8)
	0.00827
	0.102334


	B7-H6
	undetectable
	undetectable
	 
	 


	BTLA
	377.3 (306.4-537.9)
	588.5 (413.1-858.2)
	0.000047
	0.001317


	CD47
	2.8 (0.6-5.1)
	6.9 (4.2-9.2)
	0.000008
	0.000237


	CD48
	undetectable
	undetectable
	 
	 


	CD73
	74.9 (26.0-130.2)
	115.9 (55.9-199.8)
	0.067744
	0.468117


	CD152 (CTLA-4)
	17.7 (10.3-24.7)
	25.5 (21.8-33.6)
	0.000072
	0.001873


	CD276 (B7-H3)
	23065.2 (14393.6-32478.7)
	19487.0 (13497.3-39964.7)
	0.844674
	0.932679


	HVEM*
	10.0 (1.5-20.4)
	26.5 (13.8-38.5)
	0.000019
	0.000561


	IDO
	27.3 (22.0-42.5)
	42.7 (30.7-63.6)
	0.00512
	0.074104


	LAG-3
	79.2 (57.1-137.5)
	123.9 (77.3-207.0)
	0.005842
	0.078749


	PD-1
	27.6 (12.7-48.8)
	51.9 (20.4-95.5)
	0.048631
	0.418219


	PD-L1
	0.7 (0.3-1.2)
	1.0 (0.3-1.5)
	0.335261
	0.913721


	PD-L2
	2242.8 (1508.2-2995.6)
	2476.1 (1601.2-3723.6)
	0.223014
	0.82904


	PVR
	378.0 (29.6-670.9)
	479.5 (154.3-724.3)
	0.354161
	0.913721


	S100A8/A9
	978.8 (775.8-1661.3)
	1352.4 (799.5-1921.8)
	0.490625
	0.932679


	Siglec-7
	99.4 (74.1-129.6)
	140.3 (102.2-188.3)
	0.001045
	0.020704


	Siglec-9
	2.4 (0.3-22.1)
	9.8 (2.7-25.3)
	0.02877
	0.295526


	TIM-3
	453.0 (305.8-532.1)
	623.3 (481.2-780.2)
	0.000002
	0.000068


	VISTA
	0.9 (0.9-7.9)
	13.1 (2.7-21.0)
	0.000081
	0.002011


	Stimulatory sICPs
	CD27
	504.2 (381.7-1185.7)
	1263.2 (885.1-2009.7)
	0.000459
	0.010511


	CD28
	89.9 (58.6-143.8)
	165.3 (120.5-254.7)
	0.000063
	0.001709


	CD80
	83.8 (51.5-129.0)
	162.6 (103.3-273.8)
	0.001321
	0.024804


	CD96
	6.0 (6.0-87.2)
	16.1 (6.0-134.6)
	0.048049
	0.418219


	CD134 (OX40)
	7.6 (5.8-13.2)
	15.3 (9.2-21.2)
	0.000039
	0.001145


	CD137 (4-1BB)
	61.4 (47.5-99.3)
	100.8 (69.3-128.9)
	0.000994
	0.020676


	E-Cadherin
	97.7 (45.9-124.7)
	108.2 (72.0-183.0)
	0.103028
	0.580982


	GITR
	30.5 (8.9-63.2)
	63.4 (31.1-99.3)
	0.003813
	0.062875


	ICOS Ligand
	394.7 (267.8-485.7)
	379.6 (313.4-507.3)
	0.572902
	0.932679


	MICA
	21.7 (9.9-38.8)
	38.5 (26.5-53.6)
	0.00229
	0.040435


	MICB
	10.2 (5.2-25.6)
	26.9 (12.5-72.6)
	0.003868
	0.062875


	Nectin-2
	881.3 (648.2-1276.1)
	1524.8 (860.4-2367.6)
	0.000806
	0.017583


	Perforin
	482.4 (298.3-618.4)
	447.7 (283.6-780.5)
	0.542958
	0.932679


	TIMD-4
	136.0 (53.4-224.3)
	281.8 (126.0-573.3)
	0.000107
	0.002574


	ULBP-1
	undetectable
	undetectable
	 
	 


	ULBP-3
	undetectable
	undetectable
	 
	 


	ULBP-4
	undetectable
	undetectable
	 
	 





HCs, healthy control; SCD, sickle cell disease; *dual-functioning ICP; The Mann-Whitney test was used to compare differences between patients with SCD and HCs without and with Holm-Šídák correction for multiple comparisons. p < 0.05 was considered significant (bolded).



The adjusted analysis identified a subset of sICPs that were robustly increased, including BTLA, CD47, CD152, HVEM, TIM-3, VISTA, CD28, CD134, and TIMD-4, indicating their potential as biomarkers for immune dysfunction in SCD (Table 3). Interestingly, TIM-3, an inhibitory sICP linked to immune exhaustion, was among the most significantly elevated markers in SCD participants, emphasizing its role in immune dysregulation. The stimulatory checkpoint CD28, critical for T cell activation, showed pronounced upregulation in SCD participants. These data underscore the complex interplay between inhibitory and stimulatory sICPs in the immunopathogenesis of SCD, with a distinct shift towards heightened immune activation and exhaustion.




3.3 Comprehensive analysis revealed correlations of sICPs with inflammatory mediators and autoantibodies in SCD patients

To explore the interplay between immune regulation and inflammation in SCD patients, we first identified significantly dysregulated inflammatory mediators and autoantibodies by comparing SCD patients to HCs using Mann–Whitney tests (Supplementary Tables S2, S3); the significantly altered factors were then used in downstream Spearman correlation analyses with elevated sICPs (15). Notably, the associations varied depending on whether covariables (age, gender, SCD genotype, HU use, BMI, chronic transfusion) were included in the analysis. For simplicity, we only reported correlation results from multivariant analysis. Our analysis revealed significant associations between plasma levels of sICPs and inflammatory mediators, as depicted in an FDR-adjusted heatmap (Figure 1), where stronger correlations are represented by a higher intensity of color gradients (coefficient) and the number of stars (q-value). Specifically, twenty sICPs, including BTLA, CD47, CD152, HVEM, IDO, LAG-3, PD-1, Siglec-7, TIM-3, VISTA, CD27, CD28, CD80, CD134, CD137, GITR, MICA, MICB, Nectin-2, and TIMD-4, demonstrated positive correlations with various proinflammatory mediators, including multiple inflammatory cytokines (such as IFN-γ, IL-4, IL-6, IL-18, and TNF-α), chemokines (such as CCL21, IL-8, and MIP-1β), growth factors (such as IL-20, IL-34, and VEGF-A). A subset of the sICPs also positively correlated with two soluble receptors (PTX3 and TREM-1) and two serine proteases (granzyme A and granzyme B). Several upregulated sICPs, including CD152, HVEM, LAG-3, VISTA, CD28, CD80, GITR, and MICA, were highly associated with many inflammatory mediators. These results indicate a complex network of interactions between sICPs and inflammatory mediators, underscoring the potential role of specific sICPs in driving or modulating inflammation in SCD patients.

[image: Heatmap showing Spearman partial correlation values between immune checkpoint proteins (ICPs) and inflammatory mediators. Rows represent different ICPs, divided into inhibitory and stimulatory categories. Columns represent various inflammatory cytokines, chemokines, growth factors, SRs, and SPs. The color gradient indicates correlation strength, ranging from negative (blue) to positive (red) values.]
Figure 1 | Correlations between altered plasma levels of sICPs and inflammatory mediators in participants with sickle cell disease. Heatmap showing Spearman correlation coefficient (color) and p values (stars). Covariables include age, gender SCD genotype, hydroxyurea use, body mass index, and chronic transfusion. sICPs, soluble immune checkpoints; SCD, sickle cell disease; SRs, soluble receptors; SPs, serine proteases. *p < 0.05; **p < 0.01; ***p < 0.001.

Similarly, we also performed a Spearman correlation analysis of the dysregulated sICPs with eight autoantibodies that were significantly upregulated in SCD patients relative to HCs (Ku, PM/Scl-100, ribosomal P, RNP/Sm, SSB/La, SSA/Ro60, myeloperoxidase, and proteinase 3) and one that trended higher (Smith antigens, Sm) (Supplementary Table S3). This analysis revealed significant associations between plasma levels of three sICPs and specific autoantibodies, represented by coefficient values and significance levels. The inhibitory sICPs CD47 and Siglec-7 demonstrated significant positive correlations with autoantibodies against myeloperoxidase and ribosomal P protein and Sm, respectively, while the stimulatory sICP CD80 exhibited significant positive correlations with the Ku and Sm autoantibodies (Table 4). These findings reveal intricate networks of interactions between sICPs and autoantibodies, emphasizing the dual roles of these molecules in both promoting and potentially mitigating autoimmunity in SCD patients.


Table 4 | Correlations between altered plasma levels of sICPs and autoantibodies.
	sICPs
	Ku
	Rib-P
	Sm
	MPO
	Proteinase-3



	Inhibitory sICPs


	CD47
	 
	 
	 
	0.41*
	0.32&


	Siglec-7
	 
	0.45*
	0.44*
	 
	 


	Stimulatory sICPs


	CD80
	0.40*
	 
	0.46*
	 
	 





sICPs, soluble immune checkpoints. Anti-Ku, anti-Ribosomal P (Rib-P), and anti-Smith (Sm) autoantibodies are categorized as anti-nuclear autoantibodies (ANAs), while anti-myeloperoxidase (MPO) falls under anti-non-nuclear autoantibodies. The Spearman correlation test with age, gender, SCD genotype, HU use, chronic transfusion, BMI as covariables was performed, generating coefficient values (r) and statistical significance levels (p). Symbols indicating significance: *p < 0.05; &p < 0.10, a trend toward significance.






3.4 Comprehensive analysis revealed significant correlations of sICPs with alterations of immune cell profiles in SCD patients

We first compared immune cell profiles in SCD patients and HCs using multiparametric flow cytometry (Supplementary Figure S1). PBMCs were immunophenotyped with cell lineage markers (CD3, CD4, CD14, CD16, CD19, CD56, CD161, and MR1-tetramer loaded with the ligand 5-OP-RU), three immune cell activation markers (CD38, CD69, and HLA-DR) and two membrane ICP/exhaustion markers (PD-1 and TIM-3). As shown in Supplementary Table S4, the immunophenotypes of both innate (monocytes and NK cells) and adaptive immune cells (various subsets of T cells, including MAIT, NKT, CD4, and CD8 T cells) were altered in SCD patients. In particular, NK cells and all subsets of T cells expressed higher levels of the cell activation marker CD69. NKT cells, CD8 T cells, and B cells also had higher levels of two other cell activation markers, CD38 and HLA-DR. On the other hand, the classic monocytes downregulated the inhibitory mICP TIM-3 and the monocyte lineage marker CD14, while the B cells trended towards having lower levels of TIM-3 expression (p = 0.07). Additionally, the frequency of NK cells trended higher (p = 0.06), while that of T cells was significantly lower in SCD patients. These results indicated dysregulation and hyperactivation of the immune system in SCD patients.

To investigate the interplay between dysregulated sICPs and altered immune cell profiles in SCD patients, Spearman correlation analyses were performed, controlling for covariables that included age, gender, SCD genotype, HU use, BMI, and chronic transfusion status (Table 5). Both inhibitory and stimulatory sICPs demonstrated significant associations with phenotypes of various immune cells, including subsets of monocytes, NK cells, T cells, MAIT cells, NKT cells, activated T cells, and B cells. Specifically, seven sICPs (CD152, IDO, TIM-3, CD28, CD80, GITR, and Nectin-2) displayed positive correlations with phenotypes of multiple immune cell types. Conversely, six sICPs (CD47, HVEM, LAG-3, Siglec-7, VISTA, and TIMD-4) showed both positive and negative correlations with immune cell phenotypes. Notably, seven sICPs (CD47, HVEM, LAG-3, Siglec-7, VISTA, MICB, and TIMD-4) exhibited significant negative correlations with the decreased percentage of T cells, while no sICPs were positively correlated with T cell percentages. Furthermore, CD152, HVEM, IDO, Siglec-7, VISTA, CD28, and CD80 correlated with multiple aspects of immune cell phenotypes. These findings highlight the intricate and multifaceted interactions between sICPs and immune cell profiles in SCD patients, underscoring the need for further investigation to elucidate their immunological and clinical implications.


Table 5 | Correlations between altered plasma levels of sICPs and immune cell profiles.
	sICPs
	CD14 on MC (MFI)
	TIM-3 on MC (FMI)
	Non-classic MC (%)
	Transitional MC (%)
	NK cells (%)
	TIM3 on NK cells (MFI)
	T cells (%)
	CD38+ MAIT cells (%)
	CD38+DR+ NKT cells (%)
	CD69+ CD4 T cells (%)
	CD38+DR+ CD8 T cells (%)
	DR+ CD8 T cells (%)
	TIM3 on B cells (MFI)



	Inhibitory sICPs
	CD47
	 
	 
	 
	 
	 
	 
	-0.43*
	 
	 
	0.42*
	 
	 
	 


	CD152
	 
	0.37*
	0.42*
	0.47*
	 
	0.54**
	 
	0.46*
	 
	 
	0.43*
	 
	 


	HVEM
	0.38*
	0.42*
	 
	0.39*
	 
	 
	-0.52**
	0.39*
	 
	 
	 
	 
	 


	IDO
	 
	0.39*
	 
	 
	 
	 
	 
	 
	0.39*
	 
	0.48**
	 
	 


	LAG-3
	 
	 
	 
	 
	 
	 
	-0.39*
	 
	 
	 
	0.40*
	 
	 


	Siglec-7
	 
	 
	 
	 
	0.41*
	 
	-0.47*
	 
	 
	 
	0.40*
	 
	 


	TIM-3
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	0.51**
	0.51**
	 


	VISTA
	 
	 
	0.42*
	0.56**
	0.58**
	0.47*
	-0.43*
	 
	 
	 
	 
	 
	0.38*


	Stimulatory sICPs
	CD28
	 
	 
	0.41*
	0.46*
	 
	0.46*
	 
	0.39*
	 
	 
	0.38*
	 
	 


	CD80
	 
	0.42*
	 
	 
	0.39*
	 
	 
	0.43*
	 
	 
	 
	 
	 


	GITR
	 
	 
	0.43*
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 


	MICB
	 
	 
	 
	 
	 
	 
	-0.38*
	 
	 
	 
	 
	 
	 


	Nectin-2
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	0.43*
	0.39*
	 


	TIMD-4
	 
	 
	 
	 
	0.5**
	 
	-0.39*
	 
	 
	 
	 
	 
	 





sICPs, soluble immune checkpoints; MC, monocyte; MFI, mean fluorescent intensity; DR, HLA-DR. Spearman correlation test with age, gender, SCD genotype, HU -, chronic transfusion, BMI as covariables, which generated coefficient values (r) and statistical significance levels (p). *p < 0.05, **p <0.01. p < 0.05 was considered significant.






3.5 Correlation analysis revealed associations between altered plasma levels of sICPs and PROMs

To investigate the relationship between sICPs and PROMs in SCD patients, Spearman correlation analyses were performed with and without the inclusion of covariables (Table 6; Supplementary Table S5). Covariables included age, gender, SCD genotype, HU use, BMI, and chronic transfusion status.


Table 6 | Correlations between altered plasma levels of sICPs and PROMs.
	sICPs
	PainDetect Total Score
	FSQ Widespread Pain Index
	PROMIS-29 Pain Intensity Score
	HADS Anxiety Score
	ASCQ-Me Pain Episode Frequency/Recency Score
	PedsQL Total Score



	Inhibitory sICPs


	BTLA
	-0.34&
	-0.51**
	 
	 
	 
	0.34&


	LAG-3
	 
	-0.45*
	-0.47*
	-0.41*
	 
	0.41*


	PD-1
	-0.39*
	 
	 
	 
	-0.36&
	 


	Siglec-7
	 
	 
	-0.33&
	 
	 
	0.35&


	Stimulatory sICPs


	CD27
	 
	 
	 
	0.35&
	 
	 


	CD80
	 
	-0.46*
	 
	 
	 
	 





sICPs, soluble immune checkpoints; PROMs, patient-reported outcome measures; FSQ, Fibromyalgia Survey Questionnaire; PROMIS, Patient-Reported Outcomes Measurement Information System; HADS, Hospital Anxiety and Depression Scale; ASCQ-Me, Adult Sickle Cell Quality of Life Measurement Information System; PedsQL, Pediatric Quality of Life Inventory. Spearman correlation analyses were performed including age, gender SCD genotype, HU, chronic transfusion, BMI as covariables. *p < 0.05; **p < 0.01; &p < 0.10, a trend toward significance.



In analyses without covariables, multiple inhibitory and stimulatory sICPs demonstrated significant correlations with multiple PROMs (Supplementary Table S5). Nine (BTLA, LAG-3, PD-1, Siglec-7, CD28, CD80, CD137, GITR and Nectin-2) had significant negative correlations with various pain measurements, while CD80 and MICA inversely correlated with the PROMIS 29 Physical Dysfunction Score. On the other hand, ten sICPs (BTLA, LAG-3, Siglec-7, TIM-3, CD80, CD134, CD137, MICA, MICB, and Nectin-2) demonstrated positive correlations with PedsQL scores.

When covariables were included, three inhibitory (BTLA, LAG-3, and PD-1) and one stimulatory (CD80) sICPs remained significantly correlated with PROMs (Table 6). Key findings include: (1) BTLA showed negative correlations with the PainDetect Total Score (r = -0.34, p = 0.09) and FSQ Widespread Pain Index (r = -0.51, p = 0.006) while positively correlating with the PedsQL Total Score (r = 0.34, p = 0.09). (2) LAG-3 was negatively correlated with FSQ Widespread Pain Index (r = -0.45, p = 0.02), PROMIS-29 Pain Intensity Score (r = -0.47, p = 0.01) and HADS Anxiety Score (r = -0.41, p = 0.04), but positively correlated with the PedsQL Total Score (r = 0.41, p = 0.03), (3) PD-1 demonstrated negative correlations with PainDetect Total Score (r = -0.39, p = 0.05) and Pain Episode (r = -0.36, p = 0.07), and (4) CD80 demonstrated negative significance in correlation with FSQ Widespread Pain Index (r = -0.46, p = 0.02).

The analyses revealed significant and intricate associations between sICPs and PROMs, which varied with the inclusion of covariables. These findings underscore the multifaceted role of sICPs in modulating pain perception and QoL in SCD patients, warranting further exploration of their immunological and clinical implications.




3.6 Analysis revealed associations of sICPs, inflammatory mediators, autoantibodies, and immune cell phenotypes with VOCs

To identify potential underlying inflammatory traits contributing to VOCs, we performed Spearman correlation analysis of altered sICPs, inflammatory mediators, autoantibodies, and immune cell phenotypes with the time intervals from blood draw for biomarker analysis to the most recent VOC episode (Days after crisis) and the future crisis (Days before crisis). Age, gender, SCD genotype, HU use, BMI, and chronic transfusion were included as covariables. None of the sICPs and autoantibodies had significant correlations with Days after crisis and Days before crisis. As shown in Table 7, trends of negative correlations were observed between only one sICP, Nectin-2 (r = -0.34, p = 0.06) and Days post-crisis of SCD. Key inflammatory mediators, including IL-1α (r = -0.34, p = 0.07) and VEGF-A (r = -0.34, p = 0.07), showed trends towards significant negative correlations with post-crisis time intervals. Notably, the frequencies of HLA-DR+ (r = -0.72, p = 0.0001) or CD38+HLA-DR+ (r = -0.48, p = 0.02) activated CD8 T cells were highly inversely correlated with Days after crisis. Regarding correlations with Days before crisis, a positive correlation was noted for CCL23 (r = 0.33, p = 0.08), while IL-18 (r = -0.38, p = 0.04) and TIM-3 expression on B cells (r = -0.45, p = 0.03) displayed significant negative correlations. Lastly, the autoantibodies to Sm trended to negatively correlate with Days before crisis.


Table 7 | Correlations between altered plasma levels of inflammatory factors and time interval from after and before VOC occurrence.
	Correlation
	Days after crisis
	Days before crisis


	Nectin-2
	IL-1α
	VEGF-A
	DR+ CD8 T cells (%)
	CD38+DR+ CD8 T cells (%)
	CCL23
	IL-18
	TIM3 on B cells (MFI)
	Sm



	r
	-0.34
	-0.34
	-0.34
	-0.72
	-0.48
	0.33
	-0.38
	-0.45
	-0.34


	p
	0.06
	0.07
	0.07
	0.0001
	0.02
	0.08
	0.04
	0.03
	0.10





DR, HLA-DR; MFI, mean fluorescent intensity. The linear relationship between two variables was calculated using the Spearman correlation test with age, gender, SCD genotype, HU, chronic transfusion, BMI as covariables, which generated coefficient values (r) and statistical significance levels (p). p < 0.05 was considered significant.



Taken together, these results indicate that levels of IL-18, T cell activation, and B cell immune exhaustion are linked with VOCs and that levels of circulating IL-18 and TIM-3 expression on B cells may predict VOC occurrence.





4 Discussion

This study investigates the profile of sICPs in SCD and their associations with inflammatory mediators, autoantibodies, immune cell profiles, and clinical outcomes. ICPs consist of paired receptor-ligand molecules that exert inhibitory, stimulatory, or dual effects on immune regulation, surveillance, defense, and self-tolerance (25–29). ICP molecules exist in both membrane and soluble forms in vivo and in vitro (30–41). Similar to membrane-bound ICPs (mICPs), sICPs are also present in normal physiological conditions and highly dysregulated in patients with cancer, viral infections, or alcohol-associated liver disease (ALD) (30–42). Soluble ICPs can be generated through either the secretion of protein isoforms encoded by alternative mRNA splicing or protease-mediated shedding from mICPs, mediated by the actions of matrix metalloproteinases (MMPs) (41, 43). Since sICPs are paired receptor-ligand molecules and circulate in the bloodstream, they likely form a circulating immune regulatory system. In addition, increasing evidence has shown that sICPs interact with their mICP compartments to positively or negatively regulate immune responses (40). Furthermore, sICPs can compete with their mICP compartments for binding to ICP-blocking antibodies, thereby interrupting the efficacy of ICP blockade therapies. Thus, there is an urgent need to study the role of sICPs in immune regulation in health and disease. Given that sICPs have not been studied in patients with SCD, we utilized clinical samples from our ongoing randomized clinical trial in SCD (ClinicalTrials.gov, NCT05045820) to study the profile of sICPs in SCD and their associations with inflammatory mediators, autoantibodies, immune cell profiles, and clinical outcomes. Our findings highlight the significant dysregulation of sICPs in SCD patients and their potential as biomarkers or therapeutic targets.

In comparison to HCs, SCD patients exhibited significantly elevated levels of multiple sICPs (Table 3). Among the 20 inhibitory sICPs analyzed, 7 (BTLA, CD47, CD152, HVEM, Siglec-7, TIM-3, and VISTA) were markedly elevated in SCD patients. Similarly, 8 of the 17 stimulatory sICPs (CD27, CD28, CD80, CD134, CD137, MICA, Nectin-2, and TIMD-4) showed significant increases in the SCD cohort (Table 3). Notably, some ICPs, such as HVEM, exhibit dual functionality, acting as either coinhibitory or costimulatory molecules depending on the receptors or ligands they engage. Soluble HVEM has also been shown to regulate immune response, such as the production of proinflammatory cytokines IFN-γ and TNF-α by T cells and NK cells (42, 44). Consistent with this, we found sHVEM levels in the SCD patients positively correlated with multiple inflammatory cytokines (including IFN-γ and TNF-α), chemokines, and growth factors (Figure 1). Understanding the context-dependent roles of ICPs like HVEM in SCD is vital for addressing the chronic inflammation, immune dysregulation, and pain experienced by these patients. These insights could pave the way for targeted therapeutic strategies to modulate ICP pathways, ultimately improving clinical outcomes for individuals with SCD.

We have recently reported that inflammation and autoimmunity are interrelated in SCD patients in this study cohort (15). Following this path, we analyzed the association of sICPs with inflammatory mediators and autoantibodies. Our analysis revealed significant correlations between sICPs and various inflammatory mediators (Figure 1). Specifically, 20 sICPs, including BTLA, CD47, CD152, HVEM, IDO, LAG-3, PD-1, Siglec-7, TIM-3, VISTA, CD27, CD28, CD80, CD134, CD137, GITR, MICA, MICB, Nectin-2, and TIMD-4, positively correlated with various proinflammatory mediators. Notably, all except CD47, TIM-3, MICB, and Nectin-2 positively correlated with the proinflammatory cytokine IL-18, a critical proinflammatory regulator of both innate and adaptive immune responses, which was significantly upregulated in SCD compared to healthy controls in our recently published results (15). These findings suggest that sICPs play a crucial role in modulating inflammation in SCD. In turn, it is possible that inflammatory mediators reciprocally regulate sICPs, forming a positive feedback loop.

Similarly, significant associations were found between sICPs and specific autoantibodies (Table 4). With covariables included, three sICPs (CD47, Siglec-7, and CD80), demonstrated positive correlations with autoantibodies (Table 4). Notably, the associations between sICPs and different types of autoantibodies highlight distinct pathways in autoimmunity. Siglec-7 and CD80 were significantly correlated with anti-nuclear autoantibodies (ANAs), such as anti-Sm, anti-Ribosomal P (Rib-P), and anti-Ku (Table 4), suggesting a role for these sICPs in pathways related to nuclear antigen response and immune tolerance breakdown. In contrast, CD47 showed a positive correlation with autoantibody against myeloperoxidase (MPO) (Table 4), a hallmark of small-vessel vasculitis and other systemic autoimmune diseases. This distinction between the associations of sICPs with ANAs and anti-non-nuclear autoantibodies emphasizes the diverse roles these sICPs may play in modulating specific immune responses. ANAs are primarily associated with systemic autoimmune conditions targeting nuclear components, whereas anti-non-nuclear autoantibodies are often linked to organ-specific damage and systemic inflammation. These findings provide new insights into the potential mechanistic roles of sICPs in shaping the immune landscape of autoimmune diseases, paving the way for targeted therapeutic strategies based on sICP modulation.

Both inhibitory and stimulatory sICPs demonstrated significant associations with various immune cell phenotypes, including monocytes, NK cells, T cells, MAIT cells, NKT cells, activated T cells, and B cells (Table 5). Notably, Four sICPs (HVEM, CD47, LAG-3, and Siglec-7) exhibited significant negative correlations with the percentage of T cells but positive correlations with T cell activation (Table 5). The results suggest that sICPs are linked to the regulation of T cell dynamics and activation in the immune system of SCD patients. A significant negative correlation between sICPs and the percentage of T cells implies that higher levels of sICPs likely play a role in reducing T cell abundance, potentially by promoting T cell exhaustion, apoptosis, or suppression of T cell proliferation. These mechanisms are often observed in chronic infections (e.g., HIV) or cancer and may also hold truth in SCD. A significant positive correlation between sICPs and T cell activation further suggests that higher levels of sICPs are associated with excessive activation and exhaustion of T cells in SCD. Alternatively, it could mean that sICPs are being released into circulation in response to T cell activation signals, serving as markers of immune system engagement.

Our analyses also demonstrated the correlations of PROMs in pain and QoL with inhibitory (BTLA, LAG-3, PD-1, and Siglec-7) and/or stimulatory (CD27 and CD80) sICPs, respectively (Table 6). Interestingly, the widespread pain index showed a strong correlation with BTLA, LAG-3, and CD80, suggesting the correlation between nociplastic pain and circulating sICPs. Consistent with our previous finding (15), IL-18 is elevated prior to VOC onset (Table 7). The changes in sICPs, inflammatory mediators, autoantibodies, and immune cell phenotypes were observed in relation to SCD crisis timing (Table 7), providing insights into potential immune and inflammatory dynamics surrounding VOC onset. A longitudinal extension of the same trial is now collecting sequential samples at StSt, during defined time points of VOCs and through recovery. Once adequately powered, these data will reveal whether the sICPs highlighted here fluctuate dynamically with the crisis stage.

In SCD, chronic inflammation and sustained immune activation contribute to the dysfunction and exhaustion of immune cells, particularly among T cells (45–47). Membrane-bound ICPs, including PD-1, PD-L1, TIM-3, and LAG-3, play central roles in regulating T cell responses and serve as markers of exhaustion in immune cells. Their engagement with ligands suppresses T cell proliferation, cytokine secretion, and cytotoxic activity (48). Soluble ICPs, released through alternative mRNA splicing or proteolytic cleavage, can modulate immunity in parallel or in opposition to their membrane-bound counterparts (49, 50). Some sICPs, such as sPD-1 and sTIM-3, function as decoy receptors, sequestering ligands and reducing inhibitory signaling (51), while others, including PD-L1 and LAG-3, can bind to their inhibitory receptors to transmit immunosuppressive signals, similar to their membrane-bound forms (52, 53). Thus, sICPs likely represent circulating immune regulators that dynamically influence systemic immune responses. While immune dysregulation in SCD is well documented, the contribution of ICP pathways remains unexplored. Our study is the first to characterize the sICP landscape in SCD and demonstrates that these molecules are linked to systemic inflammation, autoimmunity, and pain in SCD patients.

In conclusion, this study highlights the intricate relationship between sICPs, inflammatory mediators, autoantibodies, immune cell profiles, and clinical outcomes in SCD. The significant associations between sICPs and various clinical outcome measures in pain and QoL highlight their potential as biomarkers and therapeutic targets in SCD pain management. Future research should focus on elucidating the mechanistic roles of sICPs in modulating immune activation, autoimmunity, and inflammation in SCD, which may lead to novel strategies for managing VOCs and improving the QoL in SCD patients.
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PROMs p value
PainDetect_Total score 7(7-7) 19 (13-24) <0.0001
BPI_Pain Interference Score 0 (0-0) 37(07-3.7) <0.0001
FSQ_Widespread Pain Index 0 (0-0) 6 (2-8) <0.0001
PROMIS-29_Physical Dysfunction Score 4 (4-4) 8 (5-12) <0.0001
PROMIS-29_Pain Intensity Score 0(0-1) 5 (4-6) <0.0001
HADS_Depression Score 1 (0-3) 6 (2-8) 0.0001
HADS_Anxiety Score 2(1-4) 6(3-8) <0.0001
ASCQ-Me_Pain Episode Frequency Score N/A 8(6-9)

Number of VOCs in preceding 12 months N/A 5(2-7)

PedsQL Total Score N/A 56 (44-56)

Data are shown as median and interquartile range. HCs, healthy control; SCD, sickle cell disease; BPI, Brief Pain Inventory; FSQ, Fibromyalgia Survey Questionnaire; PROMIS, Patient-Reported
Outcomes Measurement Information System; HADS, Hospital Anxiety and Depression Scale; ASCQ-Me, Adult Sickle Cell Quality of Life Measurement Information System; VOC, vaso-
occlusive crisis; PedsQL, Pediatric Quality of Life Inventory. The Mann-Whitney test was used to compare differences between SCD patients and HCs. p < 0.05 was considered
significant (bolded).
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sICPs, soluble immune checkpoints. Anti-Ku, anti-Ribosomal P (Rib-P), and anti-Smith (Sm)
autoantibodies are categorized as anti-nuclear autoantibodies (ANAs), while anti-

myeloperoxidase (MPO) falls under anti-non-nuclear autoantibodies. The Spearman
correlation test with age, gender, SCD genotype, HU use, chronic transfusion, BMI as
covariables was performed, generating coefficient values (r) and statistical significance

levels (p). Symbols indicating significance: *p < 0.05; “p < 0.10, a trend toward significance.
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HCs, healthy control; SCD; sickle cell disease; *dual-functioning ICP; The Mann-Whitney test was used to compare differences between patients with SCD and HCs without and with Holm-Sidak
correction for multiple comparisons. p < 0.05 was considered significant (bolded).
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DR, HLA-DR; MFI, mean fluorescent intensity. The linear relationship between two variables was calculated using the Spearman correlation test with age, gender, SCD genotype, HU, chronic
transfusion, BMI as covariables, which generated coefficient values () and statistical significance levels (p). p < 0.05 was considered significant.
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Parameters HCs (n=40) CD (n=50) p value

Demographics

Age (years) 33.5 (20.5-48.0) 31 (23.5-42.3) 0.76
Gender (% females) 24 (60%) 29 (58%) 0.85
8S/Sb0/SC/Sb+ thalassemia/o. thalassemia (n/n/n/n/n) = 29/3/14/3/1

Body mass index (kg/mz) 27.0 (23.8-33.9) 23.8 (20.8-28.4) 0.001
Infarction - 5 (10%)

Disease-Modifying Therapies
Hydroxyurea - 24 (48%)

Chronic Transfusion Therapy - 6 (12%)"

Data are shown as median and interquartile range or number and percentage. SCD, sickle cell disease; HCs, healthy controls. The Mann-Whitney test was used to compare differences between
SCD patients and HCs for continuous variables. %2 test was used for comparison of gender distribution between the two groups. p < 0.05 was considered significant (bolded). *Among these 6
patients underwent chronic transfusion therapy, 3 (50%) received red cell blood exchange (RCBX).
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