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ABSTRACT
Background:  The mechanism of Venous thromboembolism (VTE) is complicated and difficult to 
prevent due to factors such as bone marrow invasion, therapy, and immune-mediated effects. 
This study aims to establish a nomogram model for predicting the risk of thrombosis in lymphoma 
patients undergoing chemotherapy, which has been increasing over the past 30 years.
Methods:  The data of lymphoma patients from the Affiliated Cancer Hospital of Chongqing 
University in China between 2018 and 2020 were analyzed. This included age, sex, body mass 
index, ECOG score, histological type, Ann Arbour Stage, white blood cells count, haemoglobin 
level, platelet count, D-dimer level, and chemotherapy cycle. Univariate and multivariate cox 
analysis was used to determine the risk factors for VTE. Characteristic variables were selected to 
construct a nomogram model which was then evaluated using ROC curve and calibration.
Results: Age, sex, PLT, D-dimer and chemotherapy cycle were considered as independent influencing 
factors of VTE. The mean (standard deviation) of the C index, AUC and Royston D statistics of 1000 
cross-validations of the Nomogram model were 0.78 (0.01), 0.81 (0.01) and 1.61(0.07), respectively. It 
indicates a good calibration degree and applicability value as shown by the calibration curve. The 
DCA curve showed a rough threshold range of 0.05–0.60 with a good model.
Conclusions:  We have established and validated a nomogram model for predicting the risk of 
thrombosis in lymphoma patients. This model can assess the risk of thrombosis in each individual 
patient, enabling the identification of high-risk groups and targeted preventive treatment.

Introduction

Venous thromboembolism (VTE) refers to the abnormal 
formation of blood clots within the venous system, which 
can lead to the obstruction of blood vessels, including 
deep vein thrombosis (DVT) and its complications, as 
well as pulmonary embolism (PE). Malignant tumours 
pose a significant risk factor for VTE, with tumour patients 
exhibiting a 4–7 times higher risk compared to 
non-tumour patients [1]. Furthermore, the 6-month mor-
tality risk for tumour patients with VTE increases approx-
imately threefold, ranging from 29% to 94% [2]. 
Lymphoma, as a malignant tumour of the haematologi-
cal system, often occurs with VTE and is at increased risk 
in patients receiving chemotherapy [3,4]. Being the 

second leading cause of death in cancer patients, VTE 
significantly impacts the quality of life and prognosis of 
affected individuals. Currently, VTE risk assessment pri-
marily utilizes the Caprini [5] and Khorana [6] assessment 
scales. While the Caprini scale is more suitable for surgi-
cal patients, the Khorana scale is designed for medical 
and outpatient settings. However, due to the complex 
nature of lymphoma, which encompasses various patho-
logical subtypes, diverse tumour loads, affected sites, and 
treatment plans, the evaluation capacity of the aforemen-
tioned scales is limited. To address this limitation, we pro-
pose the use of a nomogram model specifically tailored 
to predict the high-risk group for VTE in lymphoma 
patients, with the aim of improving VTE diagnosis rates.
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The nomogram model, based on multi-factor regres-
sion analysis, incorporates multiple predictive indica-
tors and represents their relationships by scaled line 
segments on a single plane. This visual risk assessment 
approach has been extensively studied in various solid 
tumours [7–10]. However, limited data exist on the risk 
of VTE in the lymphoma population. In a study by 
Yang et  al. [11], the nomogram model demonstrated a 
high level of concordance between predicted and 
actual VTE probabilities in lymphoma patients, outper-
forming the Khorana model. Building upon our previ-
ous research foundation [12,13], we have expanded 
the sample size and included multiple research factors 
in our study. The developed nomogram model enables 
the prediction of VTE risk in lymphoma patients based 
on factors such as age, gender, body mass index(BMI), 
ECOG score, pathological type, Ann Arbour stage, 
blood routine, coagulation pattern, and chemotherapy 
cycle. This predictive tool offers a robust screening 
approach for thrombosis prevention and treatment.

Materials and methods

Study design and population

This study aimed to investigate the risk of VTE in 
lymphoma patients undergoing chemotherapy at 

the Affiliated Cancer Hospital of Chongqing 
University from January 2018 to December 2020 
(Figure 1). All patients included in the study were 
diagnosed with lymphoma based on histopatholog-
ical examinations following the WHO classification 
criteria. Exclusion criteria encompassed adolescent 
patients (<18 years of age), individuals with 
pre-existing VTE, patients with concomitant infec-
tions or complex pathological types, and those with 
incomplete medical records (Refers to a very small 
number of patients who enter and leave the hospi-
tal 24 h without undergoing relevant examinations 
and treatment.). Each patient completed informed 
consent forms upon their participation in the study. 
The study was conducted in compliance with the 
guidelines outlined in the Declaration of Helsinki 
and received ethical approval from the Ethics 
Committee of Chongqing University Cancer Hospital.

Data collection and definition

All data were collected from the Affiliated Cancer 
Hospital of Chongqing University in China. A total of 
12 variables, including age, sex, Body Mass Index (BMI), 
ECOG score, histological type, Ann Arbour stage, white 
blood cell count (WBC), haemoglobin level (HB), plate-
let count (PLT), D-dimer level (D-dimer), and 

Figure 1. F lowchart detailing the inclusion and exclusion criteria that resulted in the final study cohorts.
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chemotherapy cycle, were recorded for each patient. 
In the article’s modelling, the data for patients who 
did not experience VTE were extracted from the results 
obtained before their first chemotherapy session. For 
patients who experienced VTE, their blood parameter 
data was collected at the time of the VTE diagnosis.

Statistical analysis and nomogram model 
establishment

If the measurement data followed a normal distribu-
tion, they were described using mean ± standard devi-
ation, and t-tests were used for comparisons. For 
non-normally distributed data, median (M) and inter-
quartile range (IQR) were used for description, and 
non-parametric tests were employed for comparisons. 
Count data were presented as frequencies and per-
centages and compared using chi-square tests. To 
develop an effective clinical prediction model with an 
optimal balance between model performance and clin-
ical applicability, feature selection was performed on 
the data. Initially, univariate Cox regression analysis 
was conducted on the selected variables to explore 
their associations with VTE. Subsequently, variables 
with a significance level of p < 0.2 in the univariate 
analysis and those deemed clinically significant were 
included in the multivariate analysis, identifying them 
as independent predictors of VTE. We conducted a 
proportional hazards assumption test for the Cox 
regression model, and the results of the test indicate 
that the model adheres to the proportional hazards 
assumption. The discriminative ability of the nomo-
gram model was assessed using receiver operating 
characteristic (ROC) curves. Calibration curves were 
generated using bootstrapping with 1000 samples, 
and the decision curve analysis (DCA) was conducted. 
Additionally, we conducted 100 10-fold cross-validations 
and computed the average C-index, average AUC and 
average Royston D statistics to evaluate the Nomogram 
model. Furthermore, patients were stratified into risk 
groups, and the prediction effect of the model was 
further validated using Kaplan-Meier survival curves. 
All statistical analyses were performed using R version 
4.1.2 (http://www.r-project.org), and statistical signifi-
cance was defined as a two-tailed p-value of <0.05.

Results

Clinical characteristics of patients

A total of 1069 patients were enrolled in the study 
from January 2018 to December 2020. Among them, 
635 patients were female, accounting for 59.4% of the 

total cohort. The average age of the patients was 
55.61 ± 14.44 years. The distribution of lymphoma sub-
types included 106 cases (9.92%) of Hodgkin lym-
phoma, 788 cases (73.71%) of B-cell lymphoma, 87 
cases (8.14%) of T-cell lymphoma, and 88 cases (8.23%) 
of NK/T-cell lymphoma. The majority of patients exhib-
ited good Eastern Cooperative Oncology Group (ECOG) 
performance status (≤ECOG grade 1: 83.72%), while 
approximately 64.36% of patients had Ann Arbour 
Stage III/IV. The majority of patients (93.17%) under-
went 1-5 cycles of chemotherapy. During a median 
follow-up period of 23.1 months, 52 patients (4.92%) 
were diagnosed with VTE, all of whom had lymphoma. 
Among VTE patients, 13.46% had Hodgkin lymphoma 
and 86.54% had non-Hodgkin lymphoma. The statisti-
cal results indicate that among the 52 VTE patients, 
the median time to VTE occurrence was 3.45 months. 
All VTE episodes occurred following the initiation of 
chemotherapy. Baseline comparisons between the two 
groups revealed statistically significant differences in 
age, ECOG performance status, HB, D-dimer levels, and 
chemotherapy cycle (p < 0.05) (Table 1).

Analysis of influencing factors

Univariate analysis revealed that Age, Sex, ECOG, HB, 
PLT, D-dimer, and Chemotherapy cycle were significant 
factors influencing VTE. Specifically, Male (HR = 
0.53(0.28–0.97), p = 0.040) and ECOG 1 score (HR = 
0.53(0.28–0.99), p = 0.045) were associated with a lower 
risk of VTE. On the other hand, Age (HR = 1.03(1.01–
1.05), p = 0.007), ECOG 2 score (HR = 1.18(0.59–2.36), 
p = 0.639), HB (HR = 0.98(0.97–0.99, p < 0.001), D-dimer 
(HR = 1.21 (1.13–1.29, p < 0.001), Chemotherapy cycle 
6-10 (HR = 2.88(1.29-6.44), p = 0.010), and Chemotherapy 
cycle ≥11 (HR = 3.09(0.95–10.00), p = 0.060) were asso-
ciated with a higher risk of VTE. Multivariate analysis 
identified Age, Sex, HB, D-dimer, and Chemotherapy 
cycle as significant influencing factors for VTE. Male 
(HR = 0.51(0.28–0.94), p = 0.032) and increasing Age 
(HR = 1.02(1.00–1.04), p = 0.019) were associated with a 
lower risk of VTE. HB (HR = 0.98 (0.97–0.99, p = 0.019), 
D-dimer (HR = 1.19 (1.10–1.29, p < 0.001), and 
Chemotherapy cycle 6–10 (HR = 3.70(1.65–8.31), 
p = 0.002) were associated with a higher risk of VTE. 
The impact of Chemotherapy cycle ≥11 (HR = 
2.65(0.80–8.80), p = 0.112) on VTE risk did not reach 
statistical significance. Notably, among these factors, 
D-dimer exhibited the greatest risk for VTE, with 
patients having D-dimer >0.5 showing a 3.1 times 
higher risk compared to those with D-dimer ≤0.5 
(Table 2).

http://www.r-project.org
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Construction of nomogram

The nomogram model was developed. The univariate 
Cox regression analysis was performed to verify the risk 
factors for VTE. And entered the variables with p-value 
< 0.2 into the multivariate Cox regression model to 
analyze the association between each variable and VTE 
to find independent risk factors. The nomogram was 
created based on the risk score calculated by the final 
Cox regression model that was constructed by a step-
wise process. Notwithstanding the absence of statistical 
significance for the variables PLT and Ann Arbour Stage 
in both univariate and multivariate analyses, we have 
opted to incorporate them into the final construction 
of the nomogram model, given their clinical signifi-
cance. Utilizing the results of multivariate COX regres-
sion, we developed nomogram models for lymphoma 
patients at 0.5-year, 1-year, and 3-year intervals (see 
Figure 2). The nomogram allows for the calculation of 
the total points assigned to each patient based on the 
assigned points for each risk variable. The total points 
projected on the bottom scales indicate the probability 
of 0.5-, 1- and 3-year VTE. A higher total score indicates 
a lower risk of VTE. The basic survival probability of the 
Nomogram we constructed is 0.97.

Model performance and validation of the 
nomogram

Figure 3A illustrates the ROC curves of the Nomogram 
model for 0.5-, 1-, and 3-years. The AUC values for all 

the curves in the graph exceeded 0.79, indicating the 
outstanding generalization ability of the Nomogram 
model. Figure 3B displays the calibration curve for all 
the data. The distribution of points on both sides of 
the diagonal line is even, indicating that the Nomogram 
model exhibits excellent prediction accuracy. 
Additionally, the C-index(se) for the data was calcu-
lated as 0.78(0.03), further confirming the high accu-
racy of the model. Furthermore, we conducted 100 
iterations of ten-fold cross-validation to calculate the 
average C-index, AUC, and Royston D statistics of the 
model, ensuring its stability. The average C-index(se) 
for the model was 0.78(0.01), the average AUC(se) was 
0.81(0.01), and the average Royston D statistics was 
1.61(0.07). These results validate the robustness of 
the model.

Figure 4 emphasizes the high clinical significance 
of the Nomogram model in practical applications. To 
assess the clinical utility of the model, we constructed 
a DCA curve, as shown in Figure 4. The x-axis of the 
DCA curve represents the Threshold Probability, which 
is the point at which the risk of VTE occurrence for 
patients (Pi) reaches a certain value. The y-axis rep-
resents the Net Benefit (NB), which is the difference 
between benefits and harms. From the graph, it is 
evident that when the threshold probability for VTE 
occurrence falls within the range of 0.05 to 0.60, the 
average net benefits of different timeframes exceed 
those of considering all patients as either having or 
not having VTE. This implies that within this range, 
the model’s predictions hold practical value for 

Table 1. C linical characteristics of lymphoma patients with or without VTE.
Variables Overall(n = 1069) No-VTE (n = 1017) VTE (n = 52) P-value
Age (year, mean ± SD) 55.61 ± 14.44 55.36 ± 14.39 60.40 ± 14.79 0.014
Sex (%) 0.056
 F emale 635 (59.40) 597 (58.70) 38 (73.08)
  Male 434 (40.60) 420 (41.30) 14 (26.92)
BMI (kg/m²,%) 0.297
  < 24 646 (60.43) 618 (60.77) 28 (53.85)
  24-28 353 (33.02) 331 (32.55) 22 (42.31)
  ≥28 70 (6.55) 68 (6.69) 2 (3.85)
ECOG (points, %) 0.028
  0 337 (31.52) 316 (31.07) 21 (40.38)
  1 558 (52.20) 540 (53.10) 18 (34.62)
  ≥2 174 (16.28) 161 (15.83) 13 (25.00)
Histological type (%) 0.059
  Hodgkin 106 (9.92) 99 (9.73) 7 (13.46)
  B cell 788 (73.71) 756 (74.34) 32 (61.54)
  T cell 87 (8.14) 78 (7.67) 9 (17.31)
 N K/T cell 88 (8.23) 84 (8.26) 4 (7.69)
Ann Arbor Stage (%) 0.774
 I -II 381 (35.64) 361 (35.50) 20 (38.46)
 III -IV 688 (64.36) 656 (64.50) 32 (61.54)
WBC (10^9/L, median [IQR]) 5.77 [4.39, 7.73] 5.77 [4.40, 7.73] 5.82 [4.09, 7.50] 0.512
HB (g/L, median [IQR]) 122 [106, 135] 122 [107, 136] 114.5 [95.75, 128.5] <0.001
PLT (10^9/L, median [IQR]) 197 [147, 271] 197 [147, 270] 202.5 [150.25, 279.0] 0.451
D-dimer (mg/L, mean ± SD) 120.11 ± 22.59 120.58 ± 22.54 110.87 ± 21.83 0.002
Chemotherapy cycle (%)
  1-5 996 (93.17) 954 (93.81) 42 (80.77)
  6-10 52 (4.86) 45 (4.42) 7 (13.46)
  ≥11 21 (1.96) 18 (1.77) 3 (5.77)
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clinical decision-making, helping physicians better 
differentiate which patients should undergo treat-
ment or other interventions to achieve higher net 
benefits.

Risk-stratifying ability of the nomogram

To further assess the model’s applicability, the data 
were divided into high-risk and low-risk groups based 
on the model’s prediction results. Kaplan-Meier curve 
analysis was conducted, revealing a statistically signifi-
cant difference between the two groups (p < 0.001). 
(Figure 5).

Discussion

Lymphoma is a common malignant tumour of the 
blood system, and it differs from other solid tumours 

due to its propensity for bone marrow invasion and 
coagulation system abnormalities. These factors con-
tribute to an increased risk of thromboembolism and 
other complications, leading to higher mortality rates 
among lymphoma patients [14]. Furthermore, the 
complexity of thrombosis in lymphoma patients, 
including factors such as thrombocytopenia, glucocor-
ticoid use in chemotherapy regimens, and haemato-
poietic stem cell transplantation, makes its mechanism 
and prevention and treatment more challenging to 
understand. While there are existing models like 
Caprini RAM and Padua to assess the risk of VTE [15], 
there remains a lack of accurate prediction models 
specifically tailored to lymphoma patients, which limits 
their representation and effectiveness. Therefore, this 
study aimed to address this gap by establishing a 
nomogram model that predicts the risk of VTE in lym-
phoma patients using a larger sample size and multi-
ple factors. The model aims to identify the risk factors 
associated with VTE, providing valuable insights for 
thrombosis prevention and treatment in lymphoma 
patients.

The nomogram model is a reliable method for pre-
dicting the probability of individual outcome events. 
It simplifies complex regression equations into visually 
intuitive graphs [16], enhancing the model’s interpret-
ability and meeting the clinical demand for integrated 
models. Notably, the nomogram model has demon-
strated superior accuracy and prognostic value com-
pared to other prediction models [17,18]. Therefore, 
its use has gained popularity in recent years. In this 
study, we developed a nomogram prediction model 
for assessing VTE risk in lymphoma patients, incorpo-
rating variables such as age, sex, BMI, ECOG score, 
pathological type, Ann Arbour stage, blood routine, 
D-dimer, and chemotherapy cycle. The model’s predic-
tive ability has been internally validated and proven 
to be accurate.

Previous studies have incorporated nomogram 
models to accurately predict the risk of VTE in lym-
phoma patients by considering factors such as clin-
ical stage, pathological type, and pre-chemotherapy 
haemoglobin levels [11]. However, our study 
expands on this by including additional factors such 
as age, gender, BMI, ECOG score, pathological type, 
Ann Arbour stage, blood routine, D-dimer, and che-
motherapy cycle of lymphoma patients. Moreover, 
our study encompasses a larger patient population 
and a more comprehensive set of variables com-
pared to previous models. Therefore, our risk pre-
diction model for VTE in lymphoma patients may 
offer valuable insights and guidance in clinical 
practice.

Table 2.  Univariate and multivariate analysis of the risk factors 
for VTE.
Variables HR (univariable) HR (multivariate)

Age (year, mean ± SD) 1.03 (1.01–1.05, 
p = 0.007)

1.02 (1.00–1.04, 
p = 0.019)

Sex (%)
 F emale 1.00 1.00
  Male 0.53 (0.28–0.97, 

p = 0.040)
0.51 (0.28–0.94, 

p = 0.032)
BMI (kg/m²,%)
  < 24 1.00
  24-28 1.43 (0.82–2.50, 

p = 0.212)
  ≥28 0.66 (0.16–2.79, 

p = 0.576)
ECOG (points,%)
  0 1.00
  1 0.53 (0.2–-0.99, 

p = 0.045)
  ≥2 1.18 (0.59–2.36, 

p = 0.639)
Histological type (%)
  Hodgkin 1.00
  B cell 0.69 (0.30–1.56, 

p = 0.366)
  T cell 1.89 (0.70–5.11, 

p = 0.207)
 N K/T cell 0.76 (0.22–2.61, 

p = 0.665)
Ann Arbor Stage (%)
 I -II 1.00
 III -IV 0.92 (0.52–1.60, 

p = 0.761)
WBC (10^9/L, median 

[IQR])
0.97 (0.91–1.04, 

p = 0.444)
HB (g/L, median [IQR]) 0.98 (0.97–0.99, 

p < 0.001)
0.98 (0.97–0.99, 

p = 0.019)
PLT (10^9/L, median 

[IQR])
1.00 (1.0–1.01, 
p = 0.383)

D-dimer (mg/L, 
mean ± SD)

1.21 (1.13–1.29, 
p < 0.001)

1.19 (1.10–1.29, 
p < 0.001)

Chemotherapy cycle (%)
  1-5 1.00 1.00
  6-10 2.88 (1.29–6.44, 

p = 0.010)
3.70 (1.65–8.31, 

p = 0.002)
  ≥11 3.09 (0.95–10.00, 

p = 0.060)
2.65 (0.80–8.80, 

p = 0.112)
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A meta-analysis [19] revealed a higher incidence of 
VTE in patients with non-Hodgkin lymphoma com-
pared to Hodgkin lymphoma. The incidence of VTE in 
non-Hodgkin lymphoma was found to be associated 
with an increase in the Ann Arbour stage, with the 
majority of VTE cases occurring within 3 months after 

chemotherapy [20]. Another study identified that the 
risk of VTE in lymphoma patients was influenced by 
patient-related factors, histological type, stage, and 
treatment regimen [21]. The HD13–15 study [22], 
involving 5,773 patients with Hodgkin lymphoma in 
advanced stages, reported the highest risk of VTE. 

Figure 2. N omogram model predicting 0.5-, 1- and 3-year VTE in lymphoma patients.

Figure 3.  (A:0.5-, 1- And 3-year ROC curves for nomogram model, B:0.5-, 1- and 3-year calibration curves of nomogram model.).
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Consistent with previous studies [23], our research 
also identified age as a risk factor for lymphoma- 
associated VTE. Moreover, a platelet count ≥350 × 109/L 
was found to increase the risk of VTE and act as an 
independent risk factor in lymphoma patients. Several 
studies have associated the use of chemotherapy 
drugs such as thalidomide and its analogues, 

cisplatin, L-asparaginase, and doxorubicin with an 
increased incidence of VTE [24,25]. Similarly, our 
study revealed that an increase in the chemotherapy 
cycle was linked to a higher risk of VTE in lymphoma 
patients. This effect may be attributed to the cumula-
tive impact of chemotherapy drugs, leading to sus-
tained damage to vascular endothelial cells, elevated 

Figure 4.  0.5-, 1- And 3-year DCA curves for nomogram models.

Figure 5.  K-M curves of different risk levels to estimate the VTE of patients in two groups.



8 G. LIANG ET AL.

pro-coagulant proteins, reduced endogenous antico-
agulants, and platelet activation. Our findings also 
indicated that patients with an ECOG score of 2 had 
a greater risk of VTE compared to those with an 
ECOG score of 1, aligning with the clinical observa-
tion that patients with poorer physical condition, pro-
longed bed rest, and higher thrombosis risk are 
associated with higher ECOG scores. Notably, patients 
with an ECOG score of 0 exhibited an increased risk 
of VTE compared to those with an ECOG score of 1, 
possibly due to the fact that patients with an ECOG 
score of 0 generally have better overall condition and 
receive stronger and more frequent doses of chemo-
therapy drugs. Furthermore, D-dimer was identified 
as a reliable predictor of VTE, with numerous studies 
confirming its correlation with VTE in haematologic 
malignancies.

Thrombosis prevention plays a crucial role in reduc-
ing the mortality rate among malignant tumour 
patients, offering long-term benefits with minimal 
investment. The nomogram model provides an accu-
rate estimation of VTE risk in lymphoma patients, 
enabling the identification of high-risk individuals who 
can benefit from specific treatments and preventive 
anticoagulant therapy. Our study is limited to a single 
centre and may not fully represent the broader popu-
lation, and our study has a certain selection bias in the 
selection of samples. But it can still offer valuable 
insights and guidance for clinicians and serve as a 
consultation resource for patients. We anticipate that 
future research and data collection will further enhance 
our understanding of thrombosis prevention and treat-
ment, leading to more precise interventions.
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