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Abstract

This study comprehensively incorporates pathological parameters and novel clinical prognostic factors from the interna-
tional prognostic index (IPI) to develop a nomogram prognostic model for overall survival in patients with diffuse large
B-cell lymphoma (DLBCL). The aim is to facilitate personalized treatment and management strategies. This study enrolled
a total of 783 cases for analysis. LASSO regression and stepwise multivariate COX regression were employed to identify
significant variables and build a nomogram model. The calibration curve, receiver operating characteristic (ROC) curve,
and decision curve analysis (DCA) curve were utilized to assess the model’s performance and effectiveness. Additionally,
the time-dependent concordance index (C-index) and time-dependent area under the ROC curve (AUC) were computed
to validate the model’s stability across different time points. The study utilized 8 selected clinical features as predictors to
develop a nomogram model for predicting the overall survival of DLBCL patients. The model exhibited robust generaliza-
tion ability with an AUC exceeding 0.7 at 1, 3, and 5 years. The calibration curve displayed evenly distributed points on both
sides of the diagonal, and the slopes of the three calibration curves were close to 1 and statistically significant, indicating
high prediction accuracy of the model. Furthermore, the model demonstrated valuable clinical significance and holds the
potential for widespread adoption in clinical practice. The novel prognostic model developed for DLBCL patients incorporates
readily accessible clinical parameters, resulting in significantly enhanced prediction accuracy and performance. Moreover,
the study’s use of a continuous general cohort, as opposed to clinical trials, makes it more representative of the broader
lymphoma patient population, thus increasing its applicability in routine clinical care.

Keywords Diffuse large b-cell lymphoma (DLBCL) - Non-Hodgkin’s lymphoma - Nomogram model - Prognosis - Overall
survival

Introduction

Diffuse large B-cell lymphoma (DLBCL) is a highly
heterogeneous malignant tumor arising from B lymphocytes,
characterized by diffuse growth. It represents the most
prevalent subtype of non-Hodgkin’s lymphoma, with a global
prevalence of approximately 40%, increasing with age. The

< Haike Lei
tohaike @ 163.com

Chongqing Cancer Multi-omics Big Data Application
Engineering Research Center, Chongqing University Cancer
Hospital, Chongqing 400030, China

2 Department of Health Statistics, School of Public Health,
Chongqing Medical University, Chongqing 400016, China

clinical and prognostic diversity in DLBCL is remarkably
high [1, 2]. While pre-chemotherapy immunotherapy
achieves cure in most patients, approximately 50% will
experience relapse, and one-third will succumb to the
disease [3]. Therefore, it is crucial to develop risk prediction
models for early risk stratification and optimal treatment
decisions.

Historically, the International Prognostic Index (IPI) has
been commonly employed to provide straightforward and
reliable prognostic information to newly diagnosed DLBCL
patients. It utilizes clinicopathological parameters such as
age, lactate dehydrogenase (LDH) levels, number/location of
involvement, disease stage, and patient performance status
(PS) to predict treatment response and prognosis [4]. While
IPI became the gold standard for non-Hodgkin lymphoma
risk classification, its ability to fully explain the disease’s
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heterogeneity remains limited [5]. The addition of rituximab
to the traditional regimen in the late 1990s significantly
improved survival rates across all risk groups, reducing
IPI’s effectiveness in risk stratification, especially for high-
risk patients [6]. Consequently, the revised IPI (R-IPI) and
National Comprehensive Cancer Network IPI (NCCN-IPI)
were introduced as optimized versions for adequate risk
stratification in DLBCL [7]. Nevertheless, these models
still have shortcomings. R-IPI is based on a cohort of only a
few patients over 60 years old, potentially limiting its value
for elderly patients [8]. While NCCN-IPI is considered
useful, the extranodal organs used in this indicator may not
consistently indicate poor prognosis. Additionally, NCCN-
IPT’s repeatability is questioned in cases involving positron
emission tomography (PET)-computer tomography (CT)
staging [9]. Moreover, studies have shown that R-IPI and
NCCN-IPI have lower predictive power for low-risk groups
[10]. Advancements in medical technology and an increasing
array of DLBCL treatments have led to the identification
of new clinical variables as potential prognostic markers.
However, IPI, R-IPI, and NCCN-IPI have not incorporated
these novel clinical prognostic factors.

The nomogram is a powerful graphical tool or algorithm
that integrates both biological and clinical variables. It plays
a crucial role in clinical decision-making and risk stratifica-
tion within the field of oncology [11]. In current clinical
research, nomograms are extensively used for predicting
individual prognosis [12, 13].

The objective of this study is to construct a nomo-
gram prognostic model for the overall survival of DLBCL
patients. The model considers a wide range of clinical char-
acteristics, incorporating pathological parameters and new
clinical prognostic factors from the IPI. The ultimate aim is
to provide guidance for personalized treatment and manage-
ment strategies.

Materials and methods
Patient characteristics and study design

This study is a prospective cohort study that collected data
from all newly diagnosed DLBCL patients between January
1, 2013, and December 31, 2018, at Chongqing University
Cancer Hospital, resulting in a total of 894 cases. The
following information was recorded: patient-related factors,
including gender, age, ethnicity, marital status, medical
payment method, discharge method, and B symptoms;
cancer-related factors, such as Ann Arbor Stage; treatment-
related factors, encompassing chemotherapy, radiotherapy,
targeted therapy, immunotherapy, and surgery; biomarkers,
including lactate dehydrogenase (LDH), 2-microglobulin
(p2-M), CD4/CD8 ratio, albumin/globulin ratio (A/G),
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platelet count (PLT), lymphocyte count (LYM), and
C-reactive protein (CRP). It is important to note that due
to various reasons, a significant number of individuals
in China may opt for Chinese medicine treatment or
conservative treatment, making it challenging to collect
and include treatment information for these patients in
the hospital database. Consequently, this study did not
take into account traditional Chinese medicine treatment
or conservative treatment for patients. All laboratory tests
were conducted in the laboratory of Chongqing University
Cancer Hospital.

Inclusion and exclusion criteria

The study’s inclusion criteria were as follows: [1] age >
18 years; [2] documentation of at least one hospitalization;
[3] newly diagnosed DLBCL confirmed by pathological
examination; [4] no previous history of other malignant
tumors; [5] completion of major clinical treatment within
the hospital. Exclusion criteria included: [1] death within
48 h after admission; [2] significant missing and incomplete
clinical data (e.g., major treatment and examination informa-
tion data). The study’s flowchart is illustrated in Fig. 1. This
research was conducted in accordance with the guidelines
outlined in the Declaration of Helsinki and received approval
from the Ethics Committee of Chongqing University Cancer
Hospital. Written informed consent was obtained from all
participants.

Construction and validation of the nomogram

We developed and validated a nomogram model to assess the
prognosis of DLBCL patients using a dataset of 783 patients
who met the inclusion and exclusion criteria. To create an
efficient clinical prognostic model, we optimized the col-
lected data and carefully selected the most relevant features
as predictors to strike the best balance between model per-
formance and clinical applicability. In the process of feature
selection, we utilized LASSO (least absolute shrinkage and
selection operator) regression to screen the clinical features
in the training cohort. The optimal parameter (1) for LASSO
regression was determined through cross-validation, and the
essential variables were selected based on the principle of
minimum 4. Subsequently, we employed stepwise multivari-
ate COX regression on these variables, further refining the
selection based on the principle of minimum AIC (Akaike
information criterion). This two-step variable screening
method enabled us to gain deeper insights into the data and
reduce model complexity. Moreover, we considered the clin-
ical significance of these variables during the screening pro-
cess, not solely relying on statistical significance. Ultimately,
we identified 8 variables as predictors: age, Ann Arbor stage,
LDH, B2-microglobulin, CD4/CD8 ratio, LYM, CRP, and B
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Fig. 1 Flow diagram of study
design
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had high discrimination and calibration

symptoms. Based on the results of the Cox regression model,
we constructed a nomogram to predict the probabilities of
1-, 3-, and 5-year overall survival (OS).

To evaluate the model’s performance, we employed a
series of graphical tools. The calibration curve assessed
the prediction accuracy and discrimination ability of the
model [14]. The receiver operating characteristic (ROC)
curve confirmed the model’s generalization ability [14].
The decision curve analysis (DCA) was used to determine
the clinical significance of the model [15].The concord-
ance index (C-index) served as a commonly used measure
of model performance [16]. First proposed by Professor
Frank E Harrell Jr., a biostatistician at Vanderbilt Uni-
versity in 1996 [17], the C-index gauges the concordance
between the COX model’s predicted values and the actual
outcomes in survival analysis. It calculates the propor-
tion of patient pairs in which the predicted and observed

outcomes agree. Additionally, we conducted 100 10-fold
cross-validations and computed the average C-index and
average AUC (area under the curve) to evaluate the nomo-
gram model. The C-index and AUC evaluated at different
time points are referred to as time-dependent C-index [18]
and time-dependent AUC [19]. Time-dependent C-index
assesses the consistency between the order of death and
the specified risk level in the queue. Time-dependent AUC
measures the accuracy of determining a patient’s status at
time ¢, indicating whether patients who survive at time ¢
have a higher predicted survival probability compared to
those who die [20]. These measures were employed to
verify the accuracy and robustness of the model at various
time intervals.

In conclusion, this study utilized a rigorous methodol-
ogy to develop and validate a nomogram model for DLBCL
patients, ensuring its clinical relevance and predictive power.
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Model comparison

As a well-established prognostic tool for DLBCL patients
widely used in clinical practice, the International Prognostic
Index (IPI) staging has consistently demonstrated excellent
predictive accuracy and robustness over the years [21]. To
further evaluate the performance of the nomogram model
developed in this study, we employed two additional indi-
ces, namely, the net reclassification improvement (NRI) and
the integrated discrimination improvement (IDI). The NRI
is a measure used to compare the prediction ability of two
models. It assesses the improvement in prediction accuracy
of the new model compared to the reference model [22].
NRI pays particular attention to the relative advantages and
disadvantages of the two models at a specific cutoff value,
providing valuable insights into their respective strengths.
On the other hand, IDI is commonly used to reflect the over-
all improvement of the model. It measures the enhancement
of risk prediction ability in the new model relative to the
reference model [23]. By considering the overall improve-
ment, IDI provides a more comprehensive evaluation of the
model’s performance.

In this study, we constructed an IPI model using the IPI of
tumors as a reference and subsequently compared the advan-
tages and disadvantages of the Nomogram model and the
classical IPI model from four perspectives: time-dependent
C-index, time-dependent AUC, NRI, and IDI. By incorpo-
rating NRI and IDI into the evaluation, we aim to provide a
more comprehensive assessment of the nomogram model’s
predictive capabilities, offering valuable clinical interpre-
tation and insights for decision-making in DLBCL patient
management.

Statistical analysis

The primary outcome of this study was to determine the
probability of 1-, 3-, and 5-year overall survival (OS) for
DLBCL patients. OS was defined as the time from the initial
diagnosis to death, loss to follow-up, or the last follow-up.
Follow-up assessments were conducted every 3—6 months
during the first 2 years after diagnosis, followed by annual
follow-ups until death. The study was censored in April
2022, and the follow-up period was measured in months.
To handle missing data, the mice 3.0.0 package (Van
Buuren and Groothuis-Oudshoorn, 2011) was employed. This
package employs a method to impute missing data, enhancing
accuracy and statistical power compared to other missing data
techniques. Multiple imputations (replacement values) for
multivariate missing data are created based on the fully con-
ditional specification method, where each incomplete variable
is imputed using a separate model. The multivariate imputa-
tion via chained equations (MICE) algorithm can impute a
mix of continuous, binary, unordered categorical, and ordered
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categorical data [24]. Furthermore, MICE can handle imputa-
tions for continuous two-level data while maintaining consist-
ency between imputations through passive imputation [25].
Enumeration data were described using frequency and
percentage and compared using the chi-square test. Con-
tinuous data that did not follow a normal distribution were
described using the median and interquartile range (IQR)
and compared using nonparametric tests. The nomogram
model was constructed, and the C-index was calculated
using the survival package (version 3.3-1). Various graphs in
the study were generated using packages such as pROC (ver-
sion 1.8.0), ggDCA (version 1.2), timeROC (version 0.4),
and pec (version 2022.5.04.04). The tenfold cross-validation
was performed using the caret package (version 6.0-92). An
online calculator based on the nomogram was developed
using the shiny (version 1.7.1) and DynNom packages (ver-
sion 5.0.1) for individual and dynamic predictions of patient
survival rates. The statistical analyses were conducted using
R (version 4.2.1; https://www.r-project.org/) and RStudio
(version 2022.07.1-554; https://rstudio.com/products/rstud
io/). Statistical significance was considered when P < 0.05.

Results
Characteristics of subjects

Table 1 presents the clinical features of 783 lymphoma
patients included in this study. The median age of the patients
was 59, with significantly older age observed in patients who
succumbed to the disease compared to those who survived
(62 vs. 56, P < 0.05). There was no significant difference in
mortality observed at different levels of platelet count (PLT)
and B symptoms. Notably, patients who received chemo-
therapy and targeted therapy exhibited significantly lower
mortality rates (P < 0.05). However, it is worth mentioning
that the number of individuals receiving treatment is smaller
than those not receiving treatment. This discrepancy is attrib-
uted to the exclusion of traditional Chinese medicine treat-
ment or conservative treatment received by patients outside
the hospital. In reality, nearly every patient received vary-
ing degrees of treatment. Among the laboratory parameters,
deceased patients displayed higher levels of LDH and f2-M
and lower levels of CD4/CDS, A/G, and lymphocytes (LYM)
(P < 0.05). Furthermore, 97.19% of patients did not exhibit
B symptoms during the course of the study.

Construction of the prognostic nomogram for OS

After conducting a trend test for Schoenfeld residuals, it
was determined that the data in this study met the propor-
tional risk hypothesis of COX regression. Following two
steps of variable screening, the variables age, Ann Arbor
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Table 1 Clinical characteristics of the patients
Item Overall Survival (n = 371) Death (n = 412) P-value
Medical insurance (%)
Residents 432 193 (44.68) 239 (55.32) 0.0049*
Employees 234 131 (55.98) 103 (44.02)
Others 117 47 (40.17) 70 (59.83)
Ann Arbor Stage (%)
I-1I 282 173 (61.35) 109 (38.65) < 0.0001*
I 212 99 (46.7) 113 (53.3)
v 289 99 (34.26) 190 (65.74)
Chemotherapy (%)
No 545 222 (40.73) 323 (59.27) < 0.0001*
Yes 238 149 (62.61) 89 (37.39)
Targeted therapy (%)
No 444 171 (38.51) 273 (61.49) < 0.0001*
Yes 339 200 (59) 139 (41)
B symptoms (%)
No 761 365 (47.96) 396 (52.04) 0.0892*
Yes 22 6 (27.27) 16 (72.73)
Age (median [IQR]) 59.00 [48.00, 68.00] 56.00 [46.00, 65.00] 62.00 [51.00, 70.00] < 0.0001°
LDH (median [IQR]) 228.20 [179.05, 342.50] 204.10 [166.95, 261.70] 270.95 [195.90, 432.85] < 0.0001°
f2-M (median [IQR]) 2.50[1.80, 3.50] 2.15[1.70, 2.90] 2.99[2.10, 4.33] < 0.0001°
CD4/CDS8 (median [IQR]) 1.31[0.90, 1.81] 1.3910.97, 1.91] 1.26 [0.80, 1.71] 0.0041°
A/G (median [IQR]) 1.43[1.18, 1.66] 1.47[1.23, 1.70] 1.38[1.12, 1.61] 0.0001°
PLT (median [IQR]) 197.00 [147.00, 256.00] 200.00 [150.00, 255.00] 195.00 [145.00, 259.25] 0.6278°
LYM (median [IQR]) 1.28 [0.93, 1.68] 1.35[1.00, 1.73] 1.20 [0.85, 1.63] 0.0104°
CRP (median [IQR]) 5.00 [5.00, 9.22] 5.00 [5.00, 5.00] 5.00 [5.00, 50.57] < 0.0001°

P value is obtained by chi-square test

®P value is obtained by nonparametric test

Stage, LDH, pf2-microglobulin, CD4/CDS8, LYM, CRP, and
B symptoms were retained based on their multivariate COX
regression results (Fig. 2A, B). Using this information, a
nomogram model was established for predicting the 1-,
3-, and 5-year overall survival (OS) prognosis of DLBCL
patients (Fig. 2C).

The nomogram allows for calculating the total number of
points per patient based on the assigned points for each risk
variable. A higher score on the nomogram indicates a worse
prognosis. For instance, if a patient is 74 years old, with Ann
Arbor Stage IV, LDH level of 322.0, f2-microglobulin level
of 2.30, CD4/CDS8 ratio of 1.53, LYM count of 1.34, CRP
level of 5.00, and without B symptoms, the total score on
the model prediction would be 74.73. The 1-year survival
probability for this patient would be 0.7699, the 3-year sur-
vival probability would be 0.3966, and the 5-year survival
probability would be 0.2389. This indicates that the patient
may have a good quality of life in the short term, but the
long-term survival probability is concerning, and additional
treatment considerations may be required during clinical
management. Furthermore, an online calculator based on

the nomogram (https://dlbcl.shinyapps.io/DynNomapp/) was
developed to predict long-term OS in DLBCL patients.

In the nomogram model, age was identified as a risk fac-
tor for OS, with a hazard ratio (HR) of 1.03 (P < 0.001). This
means that for every year of age, the risk of death increases
by 3%. Similarly, Ann Arbor Stage 1V, p2-microglobulin,
and CRP were also identified as risk factors for OS. Com-
pared to patients with stage I-I1, the risk of death for patients
with Ann Arbor Stage IV increased by 100% (P < 0.001).
For every unit increase in f2-microglobulin and CRP, the
risk of death in DLBCL patients increased by 4% and 1%,
respectively (Fig. 2D).

Performance of the nomogram model

Figure 3A displays the calibration curve for all the
data. The slopes of the calibration curves for 1-, 3-, and
5-years were 0.764, 0.919, and 0.918, respectively, and
all were statistically significant (P < 0.05). The distribu-
tion of points on both sides of the diagonal line is even,
indicating that the nomogram model exhibits excellent
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Fig.2 Results of the prognostic nomogram for OS: A Construction of
a predictive model of lymphoma in the dataset by LASSO regression.
B Each curve in the figure represents the changed trajectory of each

prediction accuracy. Additionally, the C-index(se) for the
data was calculated as 0.73 (0.0123), further confirming
the high accuracy of the model. Figure 3B illustrates the
ROC curves of the nomogram model for 1, 3, and 5 years.
The AUC values for all the curves in the graph exceeded
0.7, indicating the outstanding generalization ability of
the nomogram model. Figure 3C emphasizes the high
clinical significance of the nomogram model in practical
applications. Furthermore, we conducted 100 iterations of
tenfold cross-validation to calculate the average C-index
and AUC of the model, ensuring its stability. The average
C-index(se) for the model was 0.72 (0.0040), and the aver-
age AUC (se) was 0.81 (0.0067). These results validate the
robustness of the model.

These findings collectively demonstrate that the
nomogram model exhibits excellent prediction accu-
racy, generalization ability, and stability, making it a
valuable tool in clinical practice. To investigate the
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Hazard Ratio (95% Cl)

independent variable coefficient. C Nomogram for predicting the 1-,
3-, and 5-year OS of lymphoma patients. D The hazard ratio plot of
stepwise multivariate COX regression

potential impact of time on the model’s performance,
this study calculated the time-dependent C-index and
time-dependent AUC, as depicted in Fig. 3D. The curve
in Fig. 3D demonstrates no significant fluctuations or
discernible linear trends, suggesting that the C-index
and AUC values of the nomogram model remain rela-
tively stable across the study’s time range. This indicates
that the model exhibits good robustness and is capable
of accurately predicting the overall survival (OS) of
DLBCL patients.

Comparison with IPI model

To assess the superiority of the nomogram model developed
in this study over widely used prognostic models for DLBCL
in clinical practice, we compared it with the continuous form
of the International Prognostic Index (IPT) model. Table 2
presents a comparison of the nomogram model and the IPI
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Fig.3 Nomogram model effect. A 1-, 3-, and 5-year calibration curves of nomogram model; B 1-, 3-, and 5-year ROC curves for nomogram
models; C 1-, 3-, and 5-year DCA curves for nomogram models; D time-dependent C-index and time-dependent AUC of nomogram model

Table2 Performance measures 401 C-index (se) 1 year AUC (95%CI) 3 year AUC (95%CI) 5 year AUC (95%CI)
for nomogram model and IPI
model Nomogram  0.73 (0.0123)  0.810(0.769,0.850)  0.756 (0.720,0.792)  0.732 (0.688, 0.777)

IPI model 0.65 (0.0135) 0.73 (0.686, 0.776) 0.68 (0.642, 0.718) 0.64 (0.590, 0.686)

model in terms of C-index and 1-, 3-, and 5-year AUC.  predictive ability of the TNM staging model by 33.89%,
Figure 4 illustrates the time-dependent C-index and time- 24.73%, and 7.31% for 1-, 3-, and 5-year predictions,
dependent AUC of the Nomogram model and the IPI model,  respectively. Additionally, the 1-, 3-, and 5-year integrated
allowing for an evaluation of their respective performance. discrimination improvement (IDI) values for the two

The results clearly indicate that the nomogram model models were 0.092, 0.090, and 0.096, respectively. These
constructed in this study outperforms the IPI model in  findings indicate that the nomogram model outperformed
terms of predictive ability. It exhibits superior performance  the IPI staging model by 9.2%, 9.0%, and 9.6% in terms of
and significantly better predictive accuracy compared to  performance for 1-, 3-, and 5-year predictions, respectively.
the IPI model. Furthermore, the 1-, 3-, and 5-year net Consequently, the nomogram model developed in this
reclassification improvement (NRI) values for the two  study exhibits promising potential for clinical application
models were 0.3389, 0.2473, and 0.0731, respectively.  and holds great value in improving prognostic predictions
This means that the Nomogram model improved the  for DLBCL patients.
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Discussion

In this study, we have successfully developed a prognos-
tic prediction model for overall survival (OS) in DLBCL
patients using a combination of multiple clinical parameters.
The International Prognostic Index (IPI) has been widely
utilized as a scoring system for evaluating the prognosis of
DLBCL over the past 25 years. However, with advancements
in medical technology, it has become apparent that the sim-
ple clinical parameters used in IPI may not fully capture the
diverse characteristics of patients [26]. To address the limita-
tions of IPI, alternative models such as R-IPI and NCCN-IPI
have been proposed. Biccler et al. reported that although the
R-IPI model is simpler, it exhibits lower prediction accuracy
compared to the IPT and NCCN-IPI models, which demon-
strate higher predictive capabilities [27]. It is well-estab-
lished that Ann Arbor Stage is a critical prognostic factor for
DLBCL [28]. However, relying solely on Ann Arbor Stage
to predict patient prognosis may not be optimal. Instead,
incorporating Ann Arbor Stage into a comprehensive model
can significantly enhance the model’s performance [29].

In light of these observations, our newly developed nomo-
gram model takes into account a variety of clinical param-
eters, including age, LDH, p2-microglobulin, CD4/CDS§
ratio, LYM count, CRP, and the presence of B symptoms. By
integrating these factors, our model provides a more accurate
and robust prediction of the OS of DLBCL patients, offering
improved clinical utility and personalized treatment guid-
ance. Indeed, the development of a new prognostic nomo-
gram model for DLBCL, which utilizes more common and
representative clinical variables along with better available
clinical data in modern medicine, holds great promise for
widespread future use. This study not only incorporates tra-
ditional clinical features from the IPI, such as age, LDH,
and Ann Arbor Stage but also includes additional essential

@ Springer

clinical variables, such as CD4/CD8, p2-microglobulin,
LYM, CRP, and B symptoms, to construct a comprehensive
and advanced prognostic nomogram model for DLBCL. The
high C-index of 0.73 for the model demonstrates its strong
predictive ability. Furthermore, the development of an online
calculator based on the nomogram enhances its convenience
for clinicians to dynamically predict the OS rate of DLBCL
patients at various time points. This online tool will facilitate
more precise risk stratification and personalized treatment
decisions, leading to improved patient outcomes and better
management of DLBCL. Overall, the new prognostic nomo-
gram model presented in this study represents a significant
advancement in DLBCL prognostication, combining the
power of modern medical data and technology to enhance
clinical decision-making and optimize patient care.

Indeed, various studies have explored the prognostic sig-
nificance of DLBCL patients and developed relevant prog-
nostic models. For instance, Biccler et al. utilized a large
dataset comprising clinicopathological and treatment data
from the National Lymphoma Registry in Denmark and
Sweden. They leveraged machine learning techniques and
different survival models to construct a novel DLBCL prog-
nosis model using the stacking method [20]. The quality of a
machine learning model heavily relies on the quality of the
training data. In the case of Biccler et al.’s study, the model
was trained using data from the Nordic population. These
data may not precisely reflect the characteristics of the Chi-
nese population, making it challenging to directly apply the
model to the Chinese context. In contrast, the data used in
our study were obtained from a general cohort in southwest
China, making it more representative of the overall DLBCL
patient population in China. As a result, our nomogram
model exhibits better generalizability and broader applica-
bility in the Chinese setting. Furthermore, models based on
machine learning algorithms often suffer from a “black box™
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effect, lacking proper interpretability. Clinicians may find
it difficult to comprehend how the algorithm arrives at its
conclusions. In contrast, the nomogram model developed
in our study offers a clear and visual representation of the
impact of different clinical variables on the outcome. This
enhances interpretability, eliminating the issue of a “weak
model interpretation.” By combining robust data from the
Chinese population and providing a transparent and inter-
pretable model, our nomogram model offers significant
advantages over machine learning—based models, making it
a valuable tool for clinicians in understanding and predicting
the prognosis of DLBCL patients.

In our study, we employed LASSO regression and
stepwise multivariate COX regression to screen a com-
prehensive range of clinical features and establish prog-
nostic models using key clinical factors that are read-
ily accessible in clinical practice. The results revealed
that age played a pivotal role in patient prognosis, with
the death group exhibiting a significantly higher median
age than the survival group, likely due to the increased
risk of concurrent comorbidities in older individuals.
This emphasizes the importance of age as a critical fac-
tor affecting patient outcomes, consistent with previous
findings by Kubota T et al. [30]. Notably, our nomogram
model demonstrated that elevated levels of LDH were
associated with higher mortality, reaffirming the signifi-
cance of LDH as a prognostic indicator, which has been
well established in studies such as that conducted by Sun
et al. [31]. Similarly, f2-microglobulin, widely evalu-
ated as a prognostic factor for hematological diseases,
showed a consistent relationship with patient outcomes in
our study. Studies from Japan, the USA, and South Korea
have all indicated that elevated f2-microglobulin levels
are predictive of poor progression-free survival (PFS)
and overall survival (OS) in DLBCL patients receiving
various treatments [6, 32—-34]. Moreover, a large-scale
study developed a new scoring system, “GELTAMO-IPI,”
incorporating f2-microglobulin into NCCN-IPI, which
better differentiates low-risk groups compared to IPI [35].
Incorporating laboratory parameters like CRP and LYM
proved to be of higher and more stable prognostic value
in our study. For instance, a study combining LDH and
CRP to predict response and survival in newly diagnosed
DLBCL patients showed promising results, indicating it
as a useful clinical prognostic indicator [36]. Though the
core mechanism for LYM’s impact on prognosis remains
unclear, its inclusion in our study showed that increased
LYM levels were associated with worse patient outcomes.
Regarding B symptoms, their significance as valuable
prognostic indicators was observed in our study, aligning
with findings from previous research [37] [38]. Research-
ers identified B symptoms as an independent prognostic
factor for reduced PFS and OS in DLBCL patients, and

incorporating them in the prediction model significantly
improved its predictive efficacy [38]. In conclusion, our
study establishes a robust prognostic nomogram model for
DLBCL by incorporating key clinical factors. The results
highlight the importance of age, LDH, f2-microglobulin,
CRP, LYM, and B symptoms as critical prognostic mark-
ers for guiding treatment decisions and improving patient
outcomes in DLBCL.

This study adhered to standardized protocols and uti-
lized reliable instruments, ensuring the reliability of data
collection. Rigorous training processes were implemented to
guarantee high-quality data collection by personnel. Being a
cohort study, this design minimizes the impact of confound-
ing factors, adding strength to the study. However, there are
certain limitations that should be acknowledged. Firstly, the
absence of external data for further validation and evalua-
tion of the model is a limitation. External validation with
data from different populations or settings would enhance
the generalizability and robustness of the model. Secondly,
the sample size of this study is relatively small, and larger
prospective cohorts are required to validate and confirm the
findings. A larger sample size would provide more statisti-
cal power and enhance the reliability of the results. Lastly,
this study was conducted in a single center, which may limit
the generalizability of the findings to other regions or popu-
lations. Variation in patient characteristics and treatment
practices across different centers or regions could influence
the performance and applicability of the prognostic model.
Considering these limitations, further studies with external
validation, larger sample sizes, and multicenter collabora-
tions are warranted to strengthen the evidence and facilitate
the wider applicability of the prognostic model in different
populations and settings.

Conclusions

We introduce a novel prognostic model for DLBCL patients that
surpasses traditional DLBCL prognostic indicators by incor-
porating a broader range of easily accessible clinical param-
eters. This comprehensive approach significantly enhances the
predictive accuracy and performance of the prognostic model.
In contrast to relying solely on clinical trial data, this study
employs a real cohort, which better represents the general popu-
lation of lymphoma patients, making the model more applicable
and widely relevant in routine clinical practice.

Author contributions CG and XL conceived and designed the study. XL
and QX performed statistical analysis and interpretation. QX and HL
drafted the manuscript. CG, ZY, and JL performed the data collection
and cleaning.AS and YW designed and substantively revised the article.
All authors contributed to the article and approved the final manuscript.

@ Springer



3474

Annals of Hematology (2023) 102:3465-3475

Data availability The data that support the findings of this study are
available from the corresponding author upon reasonable request.

Declarations

Ethics approval In our research, we followed the Declaration of Helsin-
ki’s ethical principles concerning the use of human subjects in medical
research. Chongqing University Cancer Hospital’s Ethics Committee
reviewed and approved research studies.

Conflict of interest The authors declare no competing interests.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article's Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article's Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

1. Pileri SA, Tripodo C, Melle F et al (2021) Predictive and prog-
nostic molecular factors in diffuse large b-cell lymphomas. Cells
10(3):675

2. Jiang M, Bennani NN, Feldman AL (2017) Lymphoma classifica-
tion update: B-cell non-Hodgkin lymphomas. Expert Rev Hematol
10(5):405-415

3. WightJC, Chong G, Grigg AP, Hawkes EA (2018) Prognostica-
tion of diffuse large B-cell lymphoma in the molecular era: mov-
ing beyond the IPI. Blood Rev 32(5):400-415

4. Abdel-Razeq H, Ma'koseh M, Abdel-Razeq R, Amarin R, Abu-
fara A, Mansour R et al (2021) The application of the lymphoma
international prognostic index to predict venous thromboembolic
events in diffuse large B-cell lymphoma patients. Front Oncol
11:677776

5. YanlJ, Yuan W, Zhang J, Li L, Zhang L, Zhang X et al (2022)
Identification and validation of a prognostic prediction model
in diffuse large B-cell lymphoma. Front Endocrinol 13:846357

6. ChenY, Neelapu S, Feng L, Bi W, Yang TH, Wang M et al (2016)
Prognostic significance of baseline peripheral absolute neutrophil,
monocyte and serum B2-microglobulin level in patients with dif-
fuse large b-cell lymphoma: a new prognostic model. Br J Hae-
matol 175(2):290-299

7. Jiang S, Qin Y, Liu P, Yang J, Yang S, He X et al (2022) A
prognostic nomogram constructed for relapsed or refractory
diffuse large B-cell lymphoma patients. Asia Pac J Clin Oncol
18(2):el1—-ee6

8. Painschab MS, Kasonkanji E, Zuze T, Kaimila B, Tomoka T,
Nyasosela R et al (2019) Mature outcomes and prognostic indices
in diffuse large B-cell lymphoma in Malawi: a prospective cohort.
Br J Haematol 184(3):364-372

9. Shimono J, Takahashi S, Takemura R, Kakinoki Y (2019) Useful
prognostic tools based on complete blood cell counts in diffuse
large B-cell lymphoma. Int J Lab Hematol 41(6):754-761

@ Springer

10.

11.

12.

13.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

Han Y, Yang J, Liu P, He X, Zhang C, Zhou S et al (2019) Prog-
nostic nomogram for overall survival in patients with diffuse large
B-cell lymphoma. Oncologist 24(11):e1251-ele61

Li W, Zhao K, Wang Z (2021) Prognostic nomograms based on
immune scores for head-neck squamous cell carcinoma patients.
European archives of oto-rhino-laryngology: official journal of
the European Federation of Oto-Rhino-Laryngological Societies
(EUFOS) : affiliated with the German Society for Oto-Rhino-
Laryngology - Head and Neck Surgery 278(7):2493-2500

Liu C, YiJ, JiaJ (2021) Diagnostic and prognostic nomograms
for bone metastasis in small cell lung cancer. J Int Med Res
49(10):3000605211050735

Dong F, Shen Y, Gao F, Shi X, Xu T, Wang X et al (2018) Nomo-
grams to predict individual prognosis of patients with primary
small cell carcinoma of the bladder. J Cancer 9(7):1152-1164
Feng LR, Barb JJ, Regan J, Saligan LN (2021) Plasma metabo-
lomic profile associated with fatigue in cancer patients. Cancer
Med 10(5):1623-1633

Vickers AJ, van Calster B, Steyerberg EW (2019) A simple,
step-by-step guide to interpreting decision curve analysis. Diag-
nostic and Prognostic Research 3:18

Miao S, Lei H, Li X et al (2022) Development and validation
of a risk prediction model for overall survival in patients with
nasopharyngeal carcinoma: a prospective cohort study in China.
Cancer Cell Int 22(1):360

FE HARRELL, KL LEE, DB MARK (1996) Multivariable
prognostic models: issues in developing models, evaluating
assumptions and adequacy, and measuring and reducing errors.
Stat Med 15(4):361-387

Gerds TA, Kattan MW, SchumacherM, et al (2013) Estimating a
time-dependent concordance index for survival prediction models
with covariate dependent censoring. Stat Med 32(13):2173-2184
Li S, Ning Y (2015) Estimation of covariate-specific time-
dependent ROC curves in the presence of missing biomarkers.
Biometrics 71(3):666-676

Biccler JL, Eloranta S, de Nully BP, Frederiksen H, Jerkeman
M, Jgrgensen J et al (2018) Optimizing outcome prediction in
diffuse large B-cell lymphoma by use of machine learning and
nationwide lymphoma registries: a Nordic lymphoma group
study. JCO Clin Cancer Inform 2:1-13

Vest SD, Coupland SE, Esmaeli B et al (2022) Specific loca-
tion of ocular adnexal lymphoma and mortality: an international
multicentre retrospective study. Br J Ophthalmol 2021-320466
Ferreira JP, Duarte K, Woehrle H, Cowie MR, Wegscheider K,
Angermann C et al (2020) Biomarkers in patients with heart
failure and central sleep apnoea: findings from the SERVE-HF
trial. ESC Heart Fail 7(2):503-511

Liu T, Li M, Cheng W et al (2023) A clinical prognostic model
for patients with esophageal squamous cell carcinoma based on
circulating tumor DNA mutation features. Front Oncol 12:1025284
Huque MH, Carlin JB, Simpson JA et al (2018) A comparison
of multiple imputation methods for missing data in longitudinal
studies. BMC medical research methodology 18(1):168

van Buuren S, Groothuis-Oudshoorn K (2011) Mice: mul-
tivariate imputation by chained equations in R. J Stat Softw
45(3):1-67

Ruppert AS, Dixon JG, Salles G, Wall A, Cunningham D, Poe-
schel V et al (2020) International prognostic indices in diffuse
large B-cell lymphoma: a comparison of IPI, R-IPI, and NCCN-
IPIL. Blood 135(23):2041-2048

Biccler J, Eloranta S, de Nully BP, Frederiksen H, Jerkeman
M, Smedby KE et al (2017) Simplicity at the cost of predictive
accuracy in diffuse large B-cell lymphoma: a critical assessment
of the R-IPI, IPI, and NCCN-IPI. Cancer Med 7(1):114-122


http://creativecommons.org/licenses/by/4.0/

Annals of Hematology (2023) 102:3465-3475

3475

28.

29.

30.

31.

32.

33.

34.

Zschoche M, Zimpfer A, Scheef BO, Jiinemann AM, Guthoff
RF, Junghanss C et al (2020) Histopathological features and
Ann Arbor Stage in periocular lymphoma. In vivo (Athens,
Greece). 34(4):1965-1974

Liang X, Guo L, Hu X, Li S, Wen S (2021) Analysis of clinical
characteristics and prognosis of patients with peripheral T-cell
lymphoma. Medicine 100(13):25194

Kubota T, Sasaki Y, Shiozawa E, Takimoto M, Hishima T,
Chong JM (2018) Age and CD20 Expression are significant
prognostic factors in human herpes virus-8-negative effusion-
based lymphoma. Am J Surg Pathol 42(12):1607-1616

Sun Y, Yan X, Zhao H, Cui Z, Wang Y, Sun S et al (2022) Char-
acteristic features of primary testicular lymphoma and survival
trends: a multicenter clinical study. Hematology (Amsterdam,
Netherlands) 27(1):1019-1025

Kanemasa Y, Shimoyama T, Sasaki Y, Tamura M, Sawada T,
Omuro Y et al (2017) Beta-2 microglobulin as a significant prog-
nostic factor and a new risk model for patients with diffuse large
B-cell lymphoma. Hematol Oncol 35(4):440-446

Miyashita K, Tomita N, Taguri M et al (2015) Beta-2
microglobulin is a strong prognostic factor in patients with
DLBCL receiving R-CHOP therapy. Leukemia research
S0145-2126(15):30368-4

Seo S, Hong JY, Yoon S, Yoo C, Park JH, Lee JB et al (2016)
Prognostic significance of serum beta-2 microglobulin in
patients with diffuse large B-cell lymphoma in the rituximab era.
Oncotarget 7(47):76934-76943

35.

36.

37.

38.

Montalbin C, Diaz-Lépez A, Dlouhy I, Rovira J, Lopez-Guill-
ermo A, Alonso S et al (2017) Validation of the NCCN-IPI for
diffuse large B-cell lymphoma (DLBCL): the addition of B(2)
-microglobulin yields a more accurate GELTAMO-IPI. Br J Hae-
matol 176(6):918-928

Jung SH, Yang DH, Ahn JS, Kim YK, Kim HJ, Lee JJ (2015)
Serum lactate dehydrogenase with a systemic inflammation score
is useful for predicting response and survival in patients with
newly diagnosed diffuse large B-cell lymphoma. Acta Haematol
133(1):10-17

Skor O, Bicanova L, Wolfesberger B, Fuchs-Baumgartinger A,
Ruetgen B, Stérbova M et al (2021) Are B-symptoms more reli-
able prognostic indicators than substage in canine nodal diffuse
large B-cell lymphoma. Vet Comp Oncol 19(1):201-208

Wang W, Yin J, Zhang W, Zhang Y, Zhou D, Zhao D et al
(2021) Novel model predicts prognosis for patients with dif-
fuse large B-cell lymphoma in first relapse after initial R-CHOP
therapy: a single-institution study in China. J Int Med Res
49(4):3000605211002971

Publisher’s note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

@ Springer



	Development and validation of nomogram prognostic model for predicting OS in patients with diffuse large B-cell lymphoma: a cohort study in China
	Abstract
	Introduction
	Materials and methods
	Patient characteristics and study design
	Inclusion and exclusion criteria
	Construction and validation of the nomogram
	Model comparison
	Statistical analysis

	Results
	Characteristics of subjects
	Construction of the prognostic nomogram for OS
	Performance of the nomogram model
	Comparison with IPI model

	Discussion
	Conclusions
	References


