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Exploring the prognostic value
of T follicular helper cell levels in
chronic lymphocytic leukemia

Rui Zhang, Sha Guo & Jianhua Qu™*

Chronic lymphocytic leukemia (CLL) presents with heterogeneous clinical outcomes, suggesting
varied underlying pathogenic mechanisms. This study aims to elucidate the impact of T follicular
helper (Tfh) cells on CLL progression and prognosis. Gene expression profile data for CLL were
collected from GSE22762 and GSE39671 datasets. Patients were divided into high and low groups
using Tfh levels using the optimal cutoff value based on overall survival (OS) and time-to-first
treatment (TTFT). Differential expression analysis was performed between these groups, followed

by co-expression network analysis and single-sample Gene Set Enrichment Analysis (ssGSEA).

Marker genes of Tfh cells were used to construct prognostic models. Additionally, 40 CLL patients
were recruited and categorized based on median Tfh levels. Marker gene expression was assessed
using RT-qPCR and Western Blot, and immune cell levels were determined through flow cytometry.
The high group showed better prognosis compared to the low group. Among the 1121 differentially
expressed genes identified, five co-expression networks were constructed, with the turquoise module
showing the highest correlation with Tfh cells. Genes within this module significantly participate in
cytokine-cytokine receptor interaction, PI3K-Akt signaling pathway, and natural killer cell mediated
cytotoxicity. Tth cells were significantly negatively correlated with activated B cells and positively
correlated with Tregs. The Random Survival Forest (RSF) model identified 10 marker genes, and
further analysis using Lasso regression and nomogram selected CLEC4A, RAE1, CD84, and PRDX1 as
prognostic markers. In the high group, levels of CLEC4A and RAE1 were higher than in the low group,
whereas CD84 and PRDX1 were lower. Flow cytometry revealed that the level of activated B cells in the
high Tfh group was significantly lower than in the low Tfh group, while the level of Tregs is significantly
higher in the high Tfh group. This study seeks to contribute to a more detailed understanding of the
pathogenesis of CLL, delving into the prognostic significance of Tth.
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Chronic lymphocytic leukemia (CLL) is the most common B-cell malignancy in adults, characterized by the
progressive accumulation of mature B-lymphocytes'. The clinical course of CLL is highly variable, with some
patients experiencing an indolent disease course while others face aggressive disease requiring immediate
treatment?. The interval between diagnosis and the development of symptomatic diseases that require treatment
may vary greatly among patients®. Identifying CLL patients with unfavorable Time To First Treatment (TTFT)
or overall survival in the early stages of the disease remains a significant challenge.

Recent studies have highlighted the complex tumor microenvironment in CLL, which involves interactions
between malignant B cells and various components of the host’s immune system, including T cells, macrophages,
leading to hypogammaglobinemia, and pseudo-exhausted immune function®. Among these, T follicular helper
(Tth) cells, a subset of CD4+T cells, have emerged as key players in B cell help and antibody production®.
Tth cells support B cell maturation and differentiation within germinal centers and have been implicated in
autoimmunity and infection®. Tth is considered the most common subgroup of T cells in lymphoid organs,
Tth expand abnormally and produce a mass of cytokines, potentially supporting complex immune effects”S.
Studies have suggested that Tth cells might play a dual role in CLL: they could potentially support malignant B
cell survival and proliferation’, but they might also contribute to anti-tumor immune responses!’. Despite the
recognized importance of the immune microenvironment in CLL, the specific contributions of Tth cells to CLL
pathogenesis and their potential as prognostic markers or therapeutic targets remain inadequately understood.
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Recently, machine learning model was developed to identify patients at risk of severe infection within 2 years
after CLL diagnosis*. Although required large, high-quality datasets for training, machine learning model can
handle large, complex datasets and identify patterns that traditional statistical methods might miss, this enables
more accurate predictions of clinical outcomes.

This study seeks to elucidate the role of Tth cells in CLL by integrating gene expression profiles from publicly
available datasets and novel single-cell sequencing data. By integrating bulk and single-cell RNA sequencing
data with flow cytometry analysis of immune cell populations in CLL patients, we aimed to elucidate the impact
of Tth cells on the CLL immune microenvironment, identify Tth cell-associated gene markers that correlate with
patient prognosis, and highlight potential therapeutic targets.

Materials and methods

Data collection and preprocessing

GSE22762!!, GSE39671'2, and GSE165087'3 datasets were collected from Gene Expression Omnibus (GEO)
database, bulk RNA-seq datasets (GSE22762 and GSE39671) were selected for comprehensive gene expression
profiles and prognostic information in CLL. GSE22762 dataset including gene expression profile of peripheral
blood mononuclear cells from 151 patients with CLL. GSE39671 dataset including gene expression profile of
peripheral blood samples from 8 patients with CLL. Raw data were preprocessed using the DESeq2 R package,
included normalization to account for differences in sequencing depth and RNA composition between samples.
GSE165087dataset including single cell sequence data of peripheral blood samples from 9 patients with CLL.

Sample grouping and survival analysis

Kaplan-Meier (K-M) survival curve analysis is utilized to assess each patient’s Overall Survival (OS) and Time-
To-First Treatment (TTFT). Single-sample Gene Set Enrichment Analysis (ssGSEA) is applied to evaluate the
levels of T follicular helper (Tth) cells, conducted using the GSVA R package. The maxstat R package is employed
to determine the optimal cutoft value for Tth levels with OS and TTFT as the primary endpoints, subsequently
dividing patients into high Tth and low Tth groups. The prognostic differences between the high Tth and low Tth
groups within the GSE22671 dataset for OS and TTFT, as well as TTFT differences within the GSE39671 dataset,
are compared using K-M curves.

Differential expression and co-expression network analysis

The limma R package was used to conduct differential analysis between the high Tth and low Tfh groups for OS
and TTFT, identifying differentially expressed genes (DEGs) with a selection threshold of P < 0.05. Volcano plots
were drawn using the ggplot2 R package. Intersection analysis was performed on the DEGs from the high Tth
and low Tth groups for OS and TTFT in the GSE22671 dataset, as well as the DEGs from the high Tth and low
Tth groups for TTFT in the GSE39671 dataset, to identify common DEGs.

The Weighted Gene Co-expression Network Analysis (WGCNA) was then utilized to construct a co-
expression network of common DEGs. Briefly, the optimal soft threshold () was selected based on network
topology invariance using the pickSoftThreshold function of the WGCNA R package, followed by the calculation
of correlation between all gene pairs. The topological overlap measure (TOM) between every pair of genes in
the network was calculated, and genes were clustered using average linkage hierarchical clustering based on
TOM. Gene modules were identified by cutting the dendrogram using the dynamicTreeCut function. Pearson
correlation was calculated to assess the relationship between module eigengenes (MEs) and clinical traits.

Enrichment analysis
Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis for
module genes were performed using ClusterProfiler R package'®. P <0.05 was considered statistically significant.
Gene Set Enrichment Analysis (GSEA) and Gene Set Variation Analysis (GSVA) were used to evaluate the
differences in activation of signaling pathways between the high Tth and low Tfh groups. GSEA was performed
using ClusterProfiler R package. The enrichment score (ES) was calculated, which is normalized based on the
size of the gene set to obtain the normalized enrichment score (NES). GSVA was performed using GSVA R
package to estimate the activity of pathways in high Tth group.

Estimation of immune cell infiltration

ssGSEA was used to estimate the infiltration abundance of 28 immune cell types in high Tth group and low Tth
group. Correlations between genes and immune cells were calculated by Pearson correlation analysis. P<0.05
was considered statistically significant.

Building machine learning models
A total of 12 machine learning algorithms and 113 algorithm combinations were integrated'®, and based on the
marker genes of Tth cells'®, we have constructed models that can predict the TTFT. All algorithm combinations
were performed on all samples for training data and 70 samples for validation data. The area under the receiver
operating characteristic (ROC) curve (AUC) was calculated for each model, the model with the highest average
AUC was considered optimal.

Genes in optimal model were selected to construct risk model in GSE22762 and GSE39671 datasets. Then
nomogram prognostic model was built based on the above variables. Calibration curves were used to evaluate
the calibration of the nomogram.
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Screening and evaluation of prognostic markers

Lasso regression was established to predict prognostic genes based on optimal model using glmnet R package. A
10-fold cross validation was performed to determine the optimal value of Lasso penalty parameter. Features were
selected to construct nomogram prognostic model and risk model. Additionally, random survival forest (RSF)
was established to predict survival probabilities for prognostic markers.

Single cell RNA sequencing (scRNA-seq) analysis

The top 2000 highest variance genes were selected after excluding low-quality cells with mitochondrial
genes <20% and gene count>8000. NormalizeData in Seurat R was used to normalize data to make gene
expression levels comparable across cells. Clustering algorithms of k-means categorize cells into clusters. The
t-distributed stochastic neighbor embedding (t-SNE) method was used for visualization. Cell type annotation
was performed using a combination of marker gene expression and reference databases. The FindMarkers
function in Seurat was used to identify differentially expressed genes (DEGs) for each cluster. Key marker genes
were matched to known cell type markers from the publicly available databases, such as CellMarker database
(http://117.50.127.228/CellMarker/), which we utilized in our analysis.

Sample collection
Peripheral blood mononuclear cells (PBMCs) were collected from 40 CLL patients at the First Affiliated Hospital
of Xinjiang Medical University. The diagnosis of CLL patients follows the latest international standards'”. This
study was approved by the Ethics Committee of the First Affiliated Hospital of Xinjiang Medical University (No.
20211015-47), all methods were performed in accordance with the Declaration of Helsinki. All participants were
aware of the content of this study and gave written informed consent.

Patients were divided into high and low Tth cell level groups based on the median value of Tth cell levels
determined through flow cytometry analysis.

RT-qPCR

Total RNA was extracted from PBMCs using Trizol reagent (Invitrogen, CA, USA). RNA concentration and
purity were assessed using a NanoDrop spectrophotometer. cDNA was synthesized from total RNA using
Primescript RT master mixture (Invitrogen). A 20 pL reaction mixture containing 1 pg of total RNA, random
hexamers, and oligo(dT) primers was incubated at 42 °C for 30 min, followed by 85 °C for 5 min to inactivate the
reverse transcriptase. The RT-qPCR reaction was carried out using SYBR Green PCR master mix (Invitrogen) on
Applied Biosystems 7500. Each 20 uL PCR reaction contained 10 uL of SYBR Green mix, 1 uL of cDNA, 0.4 pL
of each primer (10 uM), and 8.2 pL of nuclease-free water. The thermal cycling conditions were as follows: initial
denaturation at 95 °C for 10 min, followed by 40 cycles of 95 °C for 15 s and 60 °C for 1 min. Primer sequences
are provided in Table S1. Gene expression levels were normalized to GAPDH using 2724t method.

Western blot

Total protein was extracted from PBMCs using RIPA buffer (Thermo Fisher Scientific, CA, USA) supplemented
with protease and phosphatase inhibitors. Protein concentration was determined using the BCA protein
assay kit (Beyotime, Shanghai, China). Equal amounts of proteins (30 pg) were separated on SDS-PAGE gels
and transferred to PVDF membranes. Membranes were blocked with 5% non-fat dry milk in TBST (Tris-
buffered saline with 0.1% Tween-20) for 1 h at room temperature. Membranes were incubated with primary
antibodies specific to the marker genes and a housekeeping protein (GAPDH) as a loading control overnight
at 4 °C. Membranes were washed with TBST and then incubated with HRP-conjugated secondary antibodies
for 1 h at room temperature. Protein bands were visualized using enhanced chemiluminescence and imaged
with a ChemiDoc MP Imaging System (Bio-Rad). Band intensities were quantified using Image] software and
normalized to GAPDH.

Flow cytometry

Flow cytometry was performed to detect the levels of activated B Cells, Tregs, and Tth cells. PBMCs were
resuspended in staining buffer (PBS with 2% fetal bovine serum) at a concentration of 1x 10° cells/mL. Cells were
then stained with the following fluorochrome-conjugated antibodies: CD19 FITC and CD23 PE for activated B
cells, CD4 PC7, CD127 PE, and CD25 FITC for Tregs, and CD4 FITC and CXCRS5 PE for Tth cells. For each
staining, 100 L of the cell suspension was incubated with the antibodies at the recommended dilution for
30 min at 4 °C in the dark. Following incubation, cells were washed twice with staining buffer and resuspended
in 500 pL of staining buffer for acquisition. Flow cytometry data were acquired using a BD FACSCanto II flow
cytometer (BD Biosciences). Data analysis was performed using Flow]Jo software (Tree Star). Gating strategies
were applied to identify and quantify the populations of activated B cells, Tregs, and Tth cells based on their
respective surface markers.

Statistical analysis
All statistical analyses were performed using the R 3.6.1 or GraphPad Prism 9.0 software. Data were shown as the
mean + SD and compared using Student’s ¢ test. P value < 0.05 was considered statistically significant.

Results

Patient stratification based on tfh indicates prognostic significance

The flowchart of this study is shown in Fig. 1. Utilizing gene expression profiles from the GSE22762 and
GSE39671 datasets, we stratified CLL patients into high and low Tth groups based on the optimal cutoff value
determined with OS and TTFT. In the GSE22671 dataset, the high Tth group demonstrated significantly better
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Fig. 1. The flowchart of this study.

prognosis in terms of both OS (Fig. 2A) and TTFT (Fig. 2B) compared to the low Tth group. In the GSE39671
dataset, the high Tth group demonstrated significantly better prognosis in terms of TTFT compared to the low
Tth group (Fig. 2C).

Through differential analysis, we found 3696 DEGs in terms of OS in GSE22671 between high Tth group
and low Tth group (Fig. 2D), 3120 DEGs in terms of TTFT in GSE22671 between high Tth group and low Tth
group (Fig. 2E), 7577 DEGs in terms of TTFT in GSE39671 between high Tth group and low Tth group (Fig. 2F).
Intersection analysis showed 1121 common DEGs among three groups of DEGs (Fig. 2G).

Gene networks and biological functions
Common DEGs were further analyzed to construct five co-expression networks through WGCNA (Fig. 3A).
Among which the turquoise module showed the highest correlation with Tth cell levels and TTFT (Fig. 3B).
Enrichment analysis showed that genes within turquoise module were significantly enriched in GO functions of
immune system process, and leukocyte activation (Fig. 3C). The KEGG pathways including cytokine-cytokine
receptor interaction, PI3K-Akt signaling pathway, and natural killer cell mediated cytotoxicity (Fig. 3D).
Additionally, GSEA revealed distinct enrichment profiles between the high and low Tth groups. In, Immune-
related pathways were enriched in patients with high Tth cell levels in GSE22671 (Fig. 4A) and GSE39671 (Fig. 4B).
Including the chemokine signaling pathway, cytokine-cytokine receptor interaction, leukocyte transendothelial
migration, natural killer cell mediated cytotoxicity, and T cell receptor signaling pathway. Correlation results
showed higher correlation coefficients between Tth cell levels and immune pathways (Fig. 4C and D).

Correlation with immune cell populations

In the results of ssGSEA, we found that the expression levels of various immune cell types in two distinct patient
groups characterized by high and low Tth group in GSE22671 (Fig. 5A) and GSE39671 (Fig. 5B). The correlation
showed that the activated B cells showing a significant negative correlation with Tth levels, whereas regulatory T
cells (Treg), macrophage, and natural killer (NK) T cells exhibited a positive correlation in GSE22671 (Fig. 5C)
and GSE39671 (Fig. 5D).

Comparative analysis of predictive models for CLL prognosis

Further integration using machine learning algorithms identified a consensus signature among Tth marker
genes. The best-performing model was the Random Survival Forest (RSF), which achieved an AUC of 0.909 in
the training data and an AUC of 0.637 in the validation data, with an average AUC of 0.773 (Fig. 6A). This model
includes ten genes: RAE1, PRDX1, CD84, CSF1R, CEBPA, CLEC4A, SIGLEC7, PDCD6, TYRO3, and DPP4
(Figure S1). Ten genes in RSF were used to construct risk model in GSE22762 (Fig. 6B). Low-risk group had
better survival probabilities than high-risk group (Fig. 6C). Genes in RSF were also used to construct risk model
in GSE39671 (Fig. 6D), and low-risk group had better survival probabilities than high-risk group (Fig. 6E).
A nomogram integrating ten gene expression levels with clinical features was developed to predict individual
survival probabilities (Fig. 6F). The calibration curve showed observed survival probabilities closely aligning
with predictions across different risk groups (Fig. 6G).
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Fig. 2. Identification of high and low Tth groups in CLL patients. (A) Kaplan-Meier plot showing OS for CLL
patients with high (H) versus low (L) T follicular helper groups based on the optimal cutoff value determined
with OS in GSE22671. (B) Kaplan-Meier plot showing OS for CLL patients with high (H) versus low (L) T
follicular helper groups based on the optimal cutoff value determined with time to first treatment (TTFT) in
GSE22671. (C) Kaplan-Meier plot showing OS for CLL patients with high (H) versus low (L) T follicular helper
groups based on the optimal cutoff value determined with time to first treatment (TTFT) in GSE39671. (D)
Volcano plots of differentially expressed genes (DEGs) between high and low Tth groups with OS in GSE22671.
(E) Volcano plots of differentially expressed genes (DEGs) between high and low Tth groups with TTFT in
GSE22671. (F) Volcano plots of differentially expressed genes (DEGs) between high and low Tfh groups with
TTFT in GSE39671. (G) Venn diagram showing the overlap of DEGs associated with OS in GSE22762, TTFT
in GSE22762, and TTFT in GSE39671.

Employing Lasso regression yielded a subset of genes with non-zero coefficients at the optimal penalty value
(A=0.03), and identified 8 genes (SIGLEC9, CDK5R1, PRDX1, CD84, KIR2DL2, CLEC4A, NCAM]1, and RAE1)
significantly affecting patient prognosis (Fig. 7A and B). We then constructed a risk model based on 8 genes
from the Lasso model in GSE39671, and divided CLL samples into high-risk and low-risk groups (Fig. 7C).
The area under the ROC curve (AUC) indicated the risk score had high predictive accuracy across time points
for 12 months (AUC=0.96), 36 months (AUC=0.88), and 60 months (AUC=0.91) (Fig. 7D). The high-risk
group showed markedly reduced survival probabilities, with a pronounced hazard ratio indicating increased risk
(Fig. 7E). A nomogram was established to predict individual survival probabilities for 8 genes and highlighted
four genes (CLEC4A, RAE1, CD84, and PRDX1) with a notable impact on OS (Fig. 7F). The calibration curve
showed a close alignment along the 45-degree line indicates a well-calibrated model (Fig. 7G).

Evaluation of prognostic markers

Furthermore, the RSF results showed that CLEC4A, and RAE1 were protective factors for CLL (OR < 1), while
CD84, and PRDX1 were risk factors (OR> 1) in terms of both OS in GSE22671 (Fig. 8A) and TTFT in GSE39671
(Fig. 8B). Compared to low Tth group, CLEC4A, and RAE1 were higher expression and CD84, and PRDX1 were
lower expression in high Tth group in terms of OS in GSE22671 (Fig. 8C), TTFT in GSE22671 (Fig. 8D), and in
GSE39671 (Fig. 8E).

Through analysis of scRNA-seq data from GSE165087 dataset, we identified 42 cell clusters (Fig. 9A). The
annotation of clusters was performed and we obtained 6 cell types, including CD4+T cells, CD8 + T cells, NK
cells, NKT cells, B cells, and monocytes (Table S2. Figure 9B). The expression distribution of CLEC4A, RAEI,
CD84, and PRDXI1 across cell types (Fig. 9C and D) showed that CLEC4A were mainly expressed in monocytes,
PRDX1 were mainly expressed in NK cells, NKT cells, B cells, and monocytes, CD84, and RAE1 were mainly
expressed in B cells.

Validation of prognostic markers expression and immune cell levels

Experimental validation through RT-qPCR and Western blot confirmed the differential expression of the
prognostic markers (CLEC4A, RAE1, CD84, and PRDX1) between the high and low Tth groups (Fig. 10A and
B). Consistent with the bioinformatics analysis, CLEC4A, and RAE1 were higher expression in high Tth group
than low Tth group, CD84, and PRDX1 were lower expression high Tth group. Flow cytometry results revealed
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Fig. 3. Co-expression network analysis and biological function characterization. (A) Dendrogram obtained
from hierarchical clustering using WGCNA, with branches representing genes and colors below indicating
identified modules through dynamic tree cutting. (B) Heatmap of module-trait relationships. (C) GO
enrichment analysis for turquoise module. The most significantly enriched biological processes (BP), cellular
components (CC), and molecular functions (MF). (D) KEGG pathways enriched by genes within turquoise
module.

a lower level of activated B cells and a higher level of Tregs in the high Tth group compared to the low Tth group
(Table S3, Fig. 10C).

Discussion
T cell immune dysfunction is a prominent feature of CLL and a major cause of failure in immunotherapy and

multidrug resistance's. This study analyzed the role of Tth cells in CLL based on gene expression profiles and
immune cell levels, several key points should be covered to interpret the results, contextualize them within the
existing literature, and propose directions for future research.

Our study demonstrates a significant association between Tth cell levels and CLL patient prognosis, with
higher Tth cell levels correlating with improved OS and TTFT. This contradicts the theory that previous studies
have shown that Tth may promote the progression of CLL’. However, this may be related to the characteristics of
Tth cell subpopulations®. This difference may reflect the complex role of Tth cells in the tumor microenvironment,
which may affect tumor development in multiple ways. IL-21, a cytokine that is highly expressed by Tth cells,
which can promote B cell apoptosis and activate the innate immune system!>?’. In addition, IL-21 effectively
amplified NK cells from healthy volunteers and CLL patients, which have high cytotoxicity to CLL cells!.

The differentially expressed genes between high Tth group and low Tth group were used to construct five
co-expression networks. Particularly, the turquoise module showed the highest correlation with Tth cell level
and TTFT. Enrichment analysis suggested further identified genes closely related to immune system processes
and cell activation, supporting the importance of Tth cells in regulating immune responses. Especially, cytokine-
cytokine receptor interaction, PI3K-Akt signaling pathway, and NK cell mediated cytotoxicity may underlie
the impact of Tth cells on CLL. IL-21 and IL-4 are the main cytokines produced by Tth, and their mediated
cytotoxicity contributes to anti-tumor effects?*~2%, PI3K plays a crucial role in promoting the BCR pathway
of CLL proliferation and survival, and the potential efficacy of PI3K inhibitors has been widely recognized in
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CLL treatment?»2, NK cells play a crucial role in defending against malignant tumors, including CLL?’. These
pathways have been implicated in immune response modulation and could offer insights into the mechanisms
through which Tth cells influence CLL biology.

The observed correlations between Tth cell levels and other immune cell populations, including a negative
correlation with activated B cells and a positive correlation with Tregs and NK cells, further elucidate the
complex immune landscape of CLL. Compared to the healthy control group, the Treg percentage of CLL subjects
decreased, further confirming the immune complexity of CLL?%. The results of this study suggest a significant
positive correlation between Tth cells and NK cells, which are innate lymphocytes that induce direct cytotoxicity
against tumor cells by releasing cytotoxic particles and death receptor signals®®. These interactions highlight
the intricate balance between pro-tumorigenic and antitumorigenic forces within the CLL microenvironment.

By integrating machine learning algorithms, we successfully identified prognostic features associated
with Tth marker genes and constructed a risk model based on these features. The identification of four genes
(CLEC4A, RAE1, CD84, and PRDXI1) as significant prognostic markers underscores the potential for molecular
profiling to enhance CLL prognosis and treatment strategies. CLEC4A was target of IL-4 with the highest levels
of change in CLL*. CLEC4A is expressed on monocytes, neutrophils, DCs, and plasma like dendritic cells, and
is involved in anti-tumor immunity**2. Reducing RAE1 expression induces NK cell tolerance and weakens the
anti-tumor activity of NK cells in CLL3**%. CD84 bridges the gap between CLL cells and their microenvironment,
blocking as a therapeutic strategy to reverse CLL induced immunosuppression®. NK cells with high expression
of antioxidant enzyme PRDX1 exhibit resistance to oxidative stress and improved anti-tumor function®. Their
varied expression levels between high and low Tth cell groups underscore the molecular heterogeneity of CLL
and the potential for targeted therapies to disrupt pathways critical to CLL progression and immune evasion.

This study leverages multiple high-quality gene expression datasets and single-cell RNA sequencing data,
offering a robust and comprehensive analysis of Tth cells in CLL. By identifying and validating prognostic
markers associated with Tth cells, this research provides potential biomarkers for predicting patient outcomes,
which could be pivotal for personalized treatment strategies. The use of advanced machine learning algorithms
to develop predictive models enhances the accuracy and reliability of the prognostic markers identified in this
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displaying the expression levels of immune cell types categorized into high and low Tth groups based on TTFT
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in GSE22671. (B) Boxplots displaying the expression levels of immune cell types categorized into high and
levels of different immune cell types and Tth cell levels in GSE22671. (D) Heatmap of correlation coefficients

Fig. 5. Comparative immune cell type expression and correlation with Tth levels in CLL. (A) Boxplots
low Tth groups based on TTFT in GSE39671. (C) Heatmap of correlation coeflicients between the expression
between the expression levels of different immune cell types and Tth cell levels in GSE39671.
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Fig. 6. Performance of prognostic models and correlation with clinical outcomes in CLL. (A) Bar chart
comparing the performance of main machine learning models in predicting clinical outcomes for CLL. (B)
Risk model constructed by ten genes of RSF in GSE22762. (C) Kaplan-Meier survival curve detailing the
survival probability for the high-risk and low-risk group. HR, hazard ratios. (D) Risk model constructed by
ten genes of RSF in GSE39671. (E) Kaplan-Meier survival curve detailing the survival probability for the
high-risk and low-risk group. HR, hazard ratios. (F) A nomogram predicted survival probabilities at 12, 36,
and 60 months based on ten genes of RSF model. (G) Calibration curves assessing the nomogram’s predictive
accuracy.
study. However, it is important to acknowledge limitations and challenges. Including samples from multiple
centers for experimental validation would enhance the generalizability and robustness of the findings. A more
detailed analysis of the different subsets of Tth cells and their specific roles in CLL could provide deeper insights
and identify more targeted therapeutic strategies. Expanding the immunophenotyping to include additional
immune cell types and markers could offer a more comprehensive view of the immune landscape in CLL and its
interaction with Tth cells. Utilizing in vivo models, such as patient-derived xenografts or genetically engineered
mouse models, could provide further validation and mechanistic insights into the role of Tth cells in CLL.
Conclusion
Our findings highlight the prognostic significance of Tth cells in CLL and suggest mechanisms by which Tth
cells may influence CLL progression. The identified genes and pathways offer new insights into the CLL immune
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Fig. 7. Predictive modeling and survival analysis selecting prognostic markers. (A) Lasso coeficient profiles
of prognostic markers across a range of lambda values in CLL. (B) Partial likelihood deviance plot for model
tuning across different A values. (C) Risk model constructed based on markers of Lasso model. (D) Receiver
operating characteristic curves evaluating the model’s discriminative ability. AUC, area under the curve. (E)
Kaplan-Meier survival plots stratified by low and high-risk groups calculated from the risk model. (F) A
prognostic nomogram integrating the expression of selected markers to predict the probability of survival

at 12, 36, and 60 months. (G) Calibration plots demonstrating the accuracy of the nomogram’s predictions
compared to actual observed outcomes.

landscape and potential targets for therapeutic intervention, paving the way for improved CLL management and
patient outcomes.
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Fig. 10. The levels of prognostic markers and immune cells in 20 high Tfh patients and 20 low Tth patients
with three biological replicates. (A) The mRNA levels of prognostic markers detected by RT-qPCR. (B) The
protein expression of prognostic markers detected by Western blot. Original blots are presented in Figure S2.
(C) The levels of immune cells detected by flow cytometry. *P <0.05, **P <0.01, **P < 0.001.

Data availability

The datasets generated and/or analyzed during the current study are available from GEO database with
GSE22762, GSE39671, and GSE165087.
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