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ARTICLE INFO ABSTRACT
Keywords: Background and objective: The pathological staging of non-Hodgkin lymphoma (NHL) is complex,
Machine learning the clinical manifestations are varied, and the prognosis differ considerably. To provide a useful

Non-Hodgkin lymphoma
Survival analysis
Prognosis

reference for early detection and effective treatment of NHL, we developed a random survival
forest (RSF) prognostic model based on machine learning (ML) algorithms using prospective
cohort data collected from Chongqing Cancer Hospital from Jan 1, 2017 to Dec 31, 2019 (n =
1449) to compare with the traditional cornerstone method Cox proportional hazards (CPH) model
and evaluate the predictability of the model.

Methods: Patients were randomly split into a training cohort (TC) and validation cohort (VC)
based on 65/35 ratio. The least absolute shrinkage and selection operator (LASSO) regression
analysis was used to extracted the important features. And the RSF was modeled to explore the
prognostic factors impacting the overall survival (OS) of patients with NHLs in the TC and
validated in the VC. The C-index, the Integrated Brier Score (IBS), Kaplan-Meir method, the
receiver operating characteristic (ROC) curve, and the area under the ROC curve (AUC) were
selected to measure performances and discriminations of the models. In addition, individual
survival probability predicted for NHL patients.

Results: According to the features extracted by LASSO model and univariable Cox model, 16
variables were selected to develop the RSF model with log-rank splitting rule, which were age,
ethnicity, medical insurance, Ann Arbor stage, pathology, targeted-therapy, chemo-therapy, pe-
ripheral blood neutrophil count to lymphocyte count ratio (NLR), peripheral blood platelet count
to lymphocyte count ratio (PLR), serum lactate dehydrogenase (LDH), CD4/CD8, platelet (PLT),
absolute neutrophil count (ANC), lymphocyte (LYM), B-symptoms, and (CPR) were important
prognostic factors. Compared to the CPH model (C-index = 0.748, IBS = 0.166), the RSF model
(C-index = 0.786, IBS = 0.165) is outperformed in predictability and accuracy. The AUC of the
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RSF model to estimate the 1-, 3-, and 5-year OS in TC were 0.847, 0.847, and 0.809, respectively;
while those in the CPH were 0.816, 0.803, and 0.750, respectively.

Conclusions: To provide practical implications for the implementation of individualized therapy,
the study constructed a high-performed RSF model and reveal that it outperformed the traditional
model CPH. And the RSF model ranked the risk variables. In addition, we stratified the risk of
NHL patients and estimated individual survival probability based on the RSF model.

1. Introduction

Non-Hodgkin lymphoma (NHL) is lymphatic malignancy with a variety of biological and clinical behaviors [1]. NHL is charac-
terized by rapid disease progression, multiple nodal invasions, and aggressiveness, causing severe threats to the survival of patients
[2]. In China, the incidence of NHL is increasing annually [3], and the prognosis of patients with NHLs depends on the specific subtype
of lymphoma, the stage, the immune dysfunction and the age [4-7]. Either indolent or aggressive NHL targeted therapy such as
combination chemotherapy provides positive survival prospects for patients with NHLs [8,9].

The accurate prediction could help physicians deliver appropriate treatment plans to patients with NHLs, improving their op-
portunities for survival and alleviating suffering. The main prognostic prediction tool currently available for NHL is Cox proportional
hazards (CPH) to explore the correlation between survival time and covariates. Wang et al. explored the links between T2DM, met-
formin, and the NHL in Women’s Health Initiative based on multivariable-adjusted CPH models [10]. Furthermore, Lu et al. developed
univariate and multivariate CPH models to predict overall survival (OS) in primary gastric diffuse large B-cell lymphoma, a kind of
NHL, using 1716 patients from the SEER database [11]. However, the restrictive assumptions and unstably-diagnostic efficiency limit
models’ performance.

Several methods in machine learning (ML) have been employed to predict the prognosis of various cancers. The most commonly
used ML for survival analysis is the random survival forest (RSF). RSF is trained with a large number of survival trees, and the ultimate
prediction is weighted and elected from among the individual trees with a voting procedure. With the advantages of strong gener-
alization, fast training, and great performance, the RSF model is an excellent choice to be considered for survival analysis. Li et al.
applied RSF to structured electronic health record data to predict the survival of patients with follicular lymphoma (FL), one subtype of
NHL [12]. However, to our knowledge, no studies have been reported on the application of RSF in prognostic models of NHL (both
aggressive and inert NHL).

There is still controversy regarding which ML and traditional approaches can perform better in survival analysis. As we know, no
studies have investigated the differences between CPH and RSF for modeling comparisons in the OS of NHL patients. Therefore, we
used retrospectively collected demographic variables, therapeutic methods, clinical characteristics, and inflammatory indexes of
patients with NHLs to develop CPH and RSF models to predict OS in the population and compared the model performance of the two.
Moreover, this study provides clinical practitioners with risk stratification and individual prediction based on the RSF.

The aim of this study was to establish an ISF prognostic model for overall survival of patients with NHLS based on a variety of
clinical characteristics, fully considering new clinical prognostic factors, to guide individualized treatment and management.

2. Methods and materials
2.1. Study population and data Source

All observers collected in this research were first diagnosed with NHLs at Chongqing University Cancer Hospital (CUCH) between
Jan 1, 2017 and Dec 31, 2019 with histologically confirmed to have primary NHLs and were no younger than 18 years old. The
exclusion criteria were uncompleted the entire treatment course of chemotherapy (CT), targeted therapy (TT), and Immuno-therapy
(IT), unprovided complete baseline, relevant laboratory, and follow-up information.

Data including demographics, therapeutic methods, clinical characteristics, and inflammatory indexes of patients with NHLs were
extracted from the CUCH tumor database platform. NHL was staged using the Ann Arbor staging system and pathology (diffuse large B-
cell lymphoma (DLBCL), Marginal zone lymphomas (NZL), follicular lymphoma (FL), chronic lymphocytic leukemia/small lympho-
cytic lymphoma (CLL/SLL), mantle cell lymphoma (MCL), and others) was collected. Demographic variable collected included sex,
age, ethnicity, and medical insurance types. The therapeutic method included CT, TT, and IT. Clinical characteristics were considered
in this study including peripheral blood neutrophil count to lymphocyte count ratio (NLR), peripheral blood platelet count to
lymphocyte count ratio (PLR), serum lactate dehydrogenase (LDH), platelet (PLT), absolute neutrophil count (ANC), lymphocyte
(LYM), and B-symptoms. Inflammatory indexes included CD4/CD8 and C-reactive protein (CRP). Furthermore, the continuous vari-
ables such as age and clinical characteristics cut to categorical variables based on the cutoff point calculated by X-tile, which were NLR
(<£7.09, >7.09), PLR (<£72.19, >72.19), LDH (<245, >245), PLT (<300, >300), ANC (<£2.02, >2.02), LYM (<£0.67, >0.67), CD4/CD8
(<0.58, >0.58), and CPR (<10, >10). The OS of a patient with NHL was calculated from the day the NHL was diagnosed until the date
the patient died or the date the final follow-up was conducted, whichever happened first.

The study’s inclusion criteria were as follows [1]: age >18 years [2]; At least one hospitalization record [3]; Newly diagnosed NHLs
(according to ICD-O-3 oncology codes) [4]; no previous history of other malignant tumors. Exclusion criteria included [1]: death
within 48 h after admission [2]; significant missing and incomplete clinical data (such as treatment and blood test data). The study’s
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flowchart is illustrated in Fig. 1. The present study was performed according to the guidelines of the Declaration of Helsinki and was
approved by the Ethics Committee of The Chongqing University Cancer Hospital. Written informed consent was obtained from all
subjects (Approval Number -CZLS2021252-A)

2.2. The development of models

The models’ construction and validation were fellow and reported the TRIPOD guidelines [13]. The patients were assigned
randomly to the training cohort (TC) and the validation cohort (VC). Aiming to avoid over-fitting and find the essential variables, the
least absolute shrinkage and selection operator (LASSO) regression analysis was modeled to select the features before the model
development. And based on the optimal features extracted by LASSO, the univariate and multivariate CPH models and RSF model were
used to identify the vital prognostic predictors.

Construction of the CPH model: According to the LASSO analysis results of features in the TC, the univariate Cox prognostic
prediction model was developed. Considering the results of univariate analysis, LASSO analysis and the clinical significance, the
multivariable Cox model was constructed.

Construction of the RSF model: The RSF model is not required to identify the distribution of the parameters beforehand, and it can
evaluate the predictive power of each predictor variable for the outcome by ranking its importance; concurrently, it can evaluate the
prediction error rate using internal cross-validation and ensure a relatively high level of accuracy. The splitting rule is a crucial part of
the survival tree and is essential to the survival forest’s performance [14]. In this study, four splitting criterion approaches, respectively
log-rank, log-rank score, bs-gradient, and random, were implemented to model a random survival forest, and the optimal splitting rules
were determined using prediction error and Integrated Brier Score (IBS).

2.3. The evaluation of models

The models’ performance was evaluated in the TT and VT. The following evaluation indexes were adopted: the concordance index
(C-index), the 1-, 3-, and 5-year receiver operating characteristic (ROC) curve, and the area under the ROC curve (AUC). IBS is a
calibration indicator; the lower the value, the higher the model’s accuracy. The Kaplan-Meier (K-M) method was used to assess survival
risk, and the differences of risk groups in survival were carried out through a stratified log-rank test. The individual prognosis was
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Fig. 1. Flow diagram of study design.
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carried out using the model with the highest predictive accuracy and precision for individualized survival probability estimation.

2.4. Statistical analysis

The data analysis was conducted with R version 4.2.1 (Institute for Statistics and Mathematics, Austria). The R packages ‘ran-
domForest’ (version 4.6.14) were utilized for developing and validating the RSF models. And the packages ‘ezcox’ (version 1.2.0) and
‘rms’ (version 5.0.1) were employed for development and evaluation of the CPH model. Besides, the discrimination, calibration of the
models were measured via the packages ‘pec’ (version 2022.05.04), ‘survival’ (version 3.3-1), and ‘timeROC’ (version 0.4). The
statistical significance of the two-sided p was set at < 0.05.

3. Results
3.1. The characteristics of patients

The study included 1449 patients with NHLs who enrolled in follow-up visit between Jan 1, 2017, and Dec 31, 2022, from the
CUCH tumor database platform. The entire cohort was randomly split into two exclusive set, which were training set of 1087 patients
(75 %) and 362 (25 %) patients, respectively. And there were no significant differences between the two cohorts (Table 1.). The median
survival time was 37.53 (0.10-133.70) months for the overall cohort. Table 1 summarizes the characteristics of patients. Overall, the
considerable number of patients were below 55 years of age (651, 44.93 %), Han (1413, 97.52 %), medical insurance with residents
(795, 54.87 %) male (886, 61.15), with premetastatic (1493,91.31 %), stage IV (556, 38.37 %) and pathological performance status of

Table 1
The clinical and demographic characteristics for NHL patients in the TC and VC.

Variables Characteristics Training set (n = 1087) Validation Set (n = 362) Overall (n = 1449) P Value

Sex (%) Female 424 (39.01) 139 (38.40) 563 (38.85) 0.886
Male 663 (60.99) 223 (61.60) 886 (61.15)

Age (%) <55 500 (46.00) 151 (41.71) 651 (44.93) 0.105
56-65 289 (26.59) 117 (32.32) 406 (28.02)
>66 298 (27.41) 94 (25.97) 392 (27.05)

Ethnicity (%) Han 1056 (97.15) 357 (98.62) 1413 (97.52) 0.173
Others 31 (2.85) 5(1.38) 36 (2.48)

Medical Insurance (%) Residents 608 (55.93) 187 (51.66) 795 (54.87) 0.341
Employees 325 (29.90) 116 (32.04) 441 (30.43)
Others 154 (14.17) 59 (16.30) 213 (14.70)

Ann Arbor Stage (%) I-I 359 (33.03) 132 (36.46) 491 (33.89) 0.455
I 308 (28.33) 94 (25.97) 402 (27.74)
v 420 (38.64) 136 (37.57) 556 (38.37)

Pathology (%) DLBCL 580 (53.36) 203 (56.08) 783 (54.04) 0.588
NZL 119 (10.95) 33(9.12) 152 (10.49)
FL 82 (7.54) 25 (6.91) 107 (7.38)
CLL/SLL 49 (4.51) 10 (2.76) 59 (4.07)
MCL 54 (4.97) 18 (4.97) 72 (4.97)
OTHERS 203 (18.68) 73 (20.17) 276 (19.05)

Targeted-therapy (%) NO 719 (66.15) 254 (70.17) 973 (67.15) 0.178
YES 368 (33.85) 108 (29.83) 476 (32.85)

Immuno-therapy (%) NO 1082 (99.54) 361 (99.72) 1443 (99.59) 1.000
YES 5 (0.46) 1 (0.28) 6 (0.41)

Chemotherapy (%) NO 749 (68.91) 247 (68.23) 996 (68.74) 0.862
YES 338 (31.09) 115 (31.77) 453 (31.26)

NLR (%) <7.09 981 (90.25) 328 (90.61) 1309 (90.34) 0.922
>7.09 106 (9.75) 34 (9.39) 140 (9.66)

PLR (%) <72.19 150 (13.80) 44 (12.15) 194 (13.39) 0.480
>72.19 937 (86.20) 318 (87.85) 1255 (86.61)

LDH (%) <245 633 (58.23) 218 (60.22) 851 (58.73) 0.546
>245 454 (41.77) 144 (39.78) 598 (41.27)

CD4/CD8 (%) <0.58 129 (11.87) 39 (10.77) 168 (11.59) 0.640
>0.58 958 (88.13) 323 (89.23) 1281 (88.41)

PLT (%) <300 246 (22.63) 70 (19.34) 316 (21.81) 0.215
>300 841 (77.37) 292 (80.66) 1133 (78.19)

ANC (%) <2.02 114 (10.49) 42 (11.60) 156 (10.77) 0.621
>2.02 973 (89.51) 320 (88.40) 1293 (89.23)

LYM (%) <0.67 116 (10.67) 38 (10.50) 154 (10.63) 1.000
>0.67 971 (89.33) 324 (89.50) 1295 (89.37)

B-symptoms (%) NO 1048 (96.41) 350 (96.69) 1398 (96.48) 0.937
YES 39 (3.59) 12 (3.31) 51 (3.52)

CRP (%) <10 839 (77.18) 276 (76.24) 1115 (76.95) 0.767
>10 248 (22.82) 86 (23.76) 334 (23.05)
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DLBCL (783, 54.04 %). With regard to therapy, the majority of patients refused targeted therapy (973, 67.15 %), immune-therapy
(1443,99.59 %), nor chemotherapy (996, 68.74 %) (Table 1.).

3.2. Survival analysis of the entire cohort of patients

A Kaplan-Meier survival curve was developed to explore the difference of OS between training and testing datasets. The results
revealed that statistical difference in OS was absent between the two sets as well (Fig. 2.)

3.3. The development of models

3.3.1. Feature selection and Cox model construction

The LASSO regression analysis was developed to select features based on the 10-fold cross-validation to find the best A. The 16 vital
variables with non-zero coefficients were selected as the prognostic variables when A = 0.01, which were: Sex, Age, Ethnic, Medical
insurance, Ann Arbor Stage, pathologic-type, targeted-therapy, chemo-therapy, NLR, PLR, LDH, CD4/CD8, PLT, ANC, LYM, B-
symptoms, and CPR (Fig. 3(A and B)).

The links between variables and OS were investigated to determine the independent risk factors. Age, Ann Arbor stage, pathologic.-
type, targeted-therapy, chemo-therapy, NLR, PLR, LDH, CD4/CD8, PLT, ANC, LYM, CRP were significant predictors of OS on uni-
variable analysis(Fig. 4A). Considering the results of univariate analysis, LASSO analysis and the clinical significance, the multivarible
Cox model were developed. On the multivariable Cox analysis, the following variables demonstrated as independent predictors of OS:
age (56 — 65 vs. < 55, HR: 1.35; 95 %, CI: 1.08-1.68; > 66 vs. < 55, HR: 2.54, CI: 2.07-3.13), Ann Arbor stage (IV vs.I-I,HR: 1.83; 95
% CI: 1.46-2.29), pathologic-type (CLL/SLL vs. DLBCL HR: 0.51, 95 % CI: 0.31-0.83; MCL vs. DLBCL HR: 1.50, 95 % CI: 1.05-2.14),
targeted-therapy (HR: 0.73; 95 % CI: 0.58-0.92), chemo-therapy (HR: 0.73; 95 % CI: 0.58-0.92), NLR (HR: 1.15; 95 % CI: 0.86-1.55),
PLR (HR: 0.77; 95 % CI: 0.60-0.99), LDH (HR: 1.87; 95 % CI: 1.56-2.24), CD5/CD8 (HR: 0.8295 % CI: 0.64-1.05),PLT (HR: 0.91; 95 %
CI: 0.74-1.10), ANC (HR: 0.64; 95 % CI: 0.49-0.83), LYM (HR: 0.77; 95 % CI: 0.56-1.02),and CRP (HR: 1.26; 95 % CI: 0.83-1.89)
(Fig. 4B).

3.3.2. RSF model

To find the most suitable split rule for the RSF model, the model with four types of split rule, which were log-rank, log-rank score,
bs-gradient, and random, were constructed. And the RSF with log-rank split rule was the best model based on the lowest prediction
error (0.272) and IBS (0.165) among four splitting rules (Table 3). According to the features extracted by LASSO regression model and
univariable Cox model, 16 variables were selected to develop the RSF model of log-rank splitting rule with combination of minimum
depth method and variable importance (VIMP). Table 2 shows the value of the minimal depth and VIMP. Fig. 5(A) illustrates that as the
number of survival trees increases, their out-of-bag (OOB) prediction error rate decreases noticeably, and the OOB error rate plateaus
when the survival tree reaches 450, and displays the importance ranking of the variables. The result demonstrated that Age, Ethnic,
Medical insurance, Ann Arbor Stage, pathologic-type, targeted-therapy, chemo-therapy, NLR, PLR, LDH, CD4/CD8, PLT, ANC, LYM, B-
symptoms, and CPR were important prognostic factors (Fig. 5(B)).

3.4. The evaluation and interpretation of the models
The prediction performance of different models was compared in the training cohort and validation cohort with C-index, error rate,

IBS, and AUC. The results of the C-index, error rate, and IBS of models are shown in Table 3. The 5 models’ IBS were all under 0.25,
indicating that all models had great calibration. And the RSF with log-rank splitting rule model outperformed the Cox model, according
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Fig. 2. Kaplan-Meier survival curved of overall survival for the TC and VC.
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Table 2

Minimal depth, VIMP and relative importance for patients with NHLs.
Variable Minimal depth Importance
CRP 1.444 0.125
LDH 1.756 0.073
Age 1.776 0.079
Ann Arbor Stage 2.154 0.041
Pathology 3.038 0.021
Chemo-therapy 3.414 0.013
Targeted-therapy 3.524 0.013
Medical insurance 3.530 0.006
ANC 3.798 0.013
LYM 3.830 0.006
PLR 4.458 0.004
CD4/CD8 4.592 0.007
NLR 4.676 0.008
PLT 4.764 0.001
B-symptoms 5.566 0.006
Ethnicity 5.802 0.006

Table 3
Evaluation indications of the models used.
Model Training cohort Validation cohort
C-index Error rate IBS [0; 124.6] C-index Error rate IBS [0; 124.6]
Cox model 0.748 0.252 0.166 0.720 0.280 0.172
RSF (log-rank) 0.786 0.272 0.165 0.721 0.297 0.172
RSF (bs-gradient) 0.774 0.272 0.166 0.724 0.304 0.174
RSF (log-rank-score) 0.772 0.273 0.169 0.729 0.300 0.175
RSF (random) 0.753 0.273 0.171 0.720 0.301 0.176
A B

CRP

Age

LDH
Ann.Arbor.Stage
Pathologic.type2
Targeted.therapy
ANC
Chemotherapy
NLR

CD4.CD8
Medical.insurance
Ethnic

LYM

B.symptoms

PLR

PLT

0.295
L

0.290

Error rate
0.280 0.285
1 1

0.275
!

T T T T T T T T T T T T
0 100 200 300 400 500 0.00 0.02 0.04 0.06 0.08 0.10 0.12

Number of Trees. Variable Importance

Fig. 5. Out-of-bag error rate of RSF(A) and variable importance of RSF(B).

to its higher C-index (0.786) and lower IBS (0.165) in the training cohort. Fig. 6(A-D) illustrated the AUC of the models for OS in 1-, 3-,
and 5- year. And the plots show that the AUC of RSF with the log-rank splitting rule was the highest at all year in training and validation
cohort.

3.5. The risk stratification of patients

According to the predictive risk scores of the RSF model with log-rank splitting rule, the research used K-M survival curves to
stratify the patients into two risk groups by the threshold calculated based on a maximally selected rank statistic. The results of K-M
survival analyses for the two models found that NHLs patients in low-risk groups had significantly longer OS than the patients with
high-risk scores in the TC and VC (Fig. 7(A and B)). And the results of log-rank test between the high- and low-risk group demonstrated
that significant difference between the two groups were existed in the RSF model.

We validated the applicability of the RSF model to different pathological subtypes of NHLs using data from patients with diffuse
large B-cell lymphoma, marginal zone lymphoma, and follicular lymphoma. The results showed that the C-index of the RSF model in
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the three pathological subtypes was 0.728 (0.704-0.753), 0.797 (0.750-0.843), and 0.781 (0.716-0.845), respectively, indicating that
the model constructed in this study has good predictive accuracy in different pathological subtypes and can effectively identify patient

risks.

3.6. The probability of OS for each individual based on RSF model

Considering the model’s effectiveness and accuracy and the scope of application, the random survival forest model is superior to the
Cox model. Therefore, the results of the random survival forest to predict the probability of OS for each patient with NHL. Fig. 8(A and



X. Lietal Heliyon 10 (2024) e32788
B) presented the prognostic survival curves for 10 randomized patients with NHLs.
4. Discussion

The significance of prognostic prediction for clinical and personal decision-making in patients with NHLs cannot be overstated. The
CPH and RSF models are the most widely used prognostic modeling approaches for cancers, and both can handle survival data. This
study’s primary purpose is to develop the RSF model with the optimal splitting rule and compare its performance in predicting OS with
that of the traditional statistical model CPH. In terms of accuracy, precision, and generalizability, the results revealed that the RSF
model is more appropriate for individual prognosis prediction of patients with NHLs. CPR, age, LDH, Ann Arbor stage, and pathology
were the top five most influential risk factors, as determined by the RSF model with the log-rank split rule based on the results of VIMP.
In addition, a model for individual prognostic prediction was developed based on the RSF model with log-rank rule to benefit clinicians
and patients in actual practice.

The RSF is based on randomness utilizing bootstrap and splitting rules to develop the survival tree, which will be the set of all trees
into RSF. Not only does the RSF model not rely on p-values, but it also permits prognostic risk prediction of survival data and selection
of significant factors based on the linear or nonlinear correlations between the variables evaluated in the data. RSF with a non-
parametric structure is gradually becoming the preferred predictive prognostic approach, given its superior accuracy, computing
speed, and generalization capacity, as well as its ability to overcome the CPH model’s inability to meet certain assumptions. In
addition, as demonstrated by the present study, the RSF model has provided excellent results in both model fitting performance and
interpretation as the lower prediction error (0.272) and IBS (0.165) than CPH.

Based on the RSF model with the log-rank splitting rule, CRP has a considerable influence on patient prognosis and is an inde-
pendent risk factor for NHL patients, in accordance with previous clinical results [15-17]. CRP, as a valuable and easy prognostic
biomarker of NHL [18], is an acute time-phase response protein whose synthesis is regulated by pro-inflammatory cytokines, and its
serum level is extremely low under normal conditions [19]. As NHL progresses, the patient’s immune function becomes defective,
resulting in dysregulation of the body’s immune response, which causes malignant tumor cells to multiply rapidly and secrete
enormous amounts of CRP to promote tumor infiltration and metastasis.

Meanwhile, the RSF model identifies clinical characteristics as potential prognostic factors for NHL patients, including LDH, NLR,
PLR, PLT, ANC, and LYM [20]. [21] [22]. [23].In addition, LDH, which ranked third according to the RSF model, was investigated
further to confirm that high levels of LDH had a negative impact on survival in NHL patients and a substantial prognostic ability in the
OS [24]. The Ann Arbor Staging Classification is used routinely to classify the extent of disease and remains the best method available
for the anatomic staging of NHL, although shortcomings exist [25]. Consistent with the findings in the literature, our study discovered
that the Ann Arbor stage provided predictive value [26], indicating that early detection is crucial for the treatment of NHL patients.
Indeed, different survival outcomes differ by histological subtype [8] and are well-recognized as highly prognostic. Prognosis depends
greatly on the type of NHL, with differences in prognosis and clinical presentation among subtypes, and usually aggressive NHL has a
worse prognosis and shorter survival than inert NHL [27], with differences in prognosis and clinical presentation between subtypes;
aggressive NHL often has a poorer prognosis and shorter survival than inert NHL. Moreover, the data demonstrated a decline in patient
survival with older ages. This condition may be associated with immunological insufficiency and somatic decline in elderly people.
Regarding the prognosis of patients with certain risk factors, clinicians should pay closer attention.

Notably, the B symptom (fever > 38°C for three consecutive days, weight loss exceeding 10 % of body weight in 6 months, night
sweats) is a newly updated predictor to the RSF model, indicating that it is a poor prognostic factor for NHL. However, this marker is
excluded from the standard CPH model. Studies have revealed that individuals with B symptoms have a poor prognosis [28,29].
Increasing evidence that RSF is superior to CPH.

This study predicts the survival probability of NHL patients based on the final RSF model and visualizes their survival probability,
effectively providing a more accurate perspective and visualization of patients’ prognoses. In addition, it emphasizes the significance
of prompt diagnosis, practical treatment approaches for different subtypes, and personalized medicine improves prognosis.

Our study is not devoid of limitations. The study’s potential inclusion/exclusion criteria bias and absence of an external validation
cohort are limitations. However, internal validation was undertaken using bootstrap approaches to evaluate the model’s discrimi-
natory ability and accuracy and to sustain their performance. However, subsequent external validation is still needed to verify its
generalizability.

5. Conclusion

NHL is a malignant immune system tumor whose prognosis varies significantly among pathological subtypes. Accurate prognos-
tication is clinically helpful for developing appropriate treatment options, improving outcomes, and minimizing treatment-related
toxicities. To predict the prognosis of NHL patients, we developed an RSF model with a log-rank splitting rule and demonstrated
that it outperformed the traditional statistical model COX. Also ranked were the risk variables affecting the individuals. Using the RSF
model, we also stratified the risk of NHL patients and estimated individual survival probability. This may have practical implications
for the implementation of individualized therapy.
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