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ORIGINAL RESEARCH ARTICLE

Development of a machine learning-based risk
prediction model for ymphoma using data from
the 2023 National Health Interview Survey

Yuying Guo?, Shuling Hou*{?, Xuejing Yang*{, and Dong Song*

Cancer Center, Shanxi Bethune Hospital, Shanxi Academy of Medical Sciences, Third Hospital of
Shanxi Medical University, Tongji Shanxi Hospital, Taiyuan, China

Abstract

Lymphoma is a malignant tumor that originates from the lymphatic system. This
study aims to develop a risk prediction model for lymphoma using lymphoma cases
extracted from the 2023 National Health Interview Survey database. The %? test
was used to examine differences in seven variables between groups. Subsequently,
hyperparameter combinations were randomly tested for optimization. Four machine
learning models were constructed after obtaining the optimal hyperparameters.
Receiver operating characteristic analysis was employed to evaluate the four machine
learning models and select the most effective model. The relative importance of the
seven variables was ranked using the machine learning algorithm. The data from
the baseline characteristic table, comprising 3,670 participants, revealed that six
variables differed significantly (p<0.05). After hyperparameter tuning, the extreme
gradient boosting (XGBoost) model achieved the optimal parameter combination,
with a receiver operating characteristic value of 0.8567. The XGBoost model also
demonstrated the highest area under the curve value (0.8161), validating it as
the best-performing model, with a sensitivity of 0.9916, a specificity of 0.1188, a
precision of 0.9086, an F1 score of 0.9483, and an accuracy of 0.9028. Finally, the
machine learning model found that obesity (body mass index >30 kg/m?) exerted
the greatest predictive contribution to lymphoma, with a relative importance score
of 100. This study analyzed seven variables associated with lymphoma occurrence
and developed a risk prediction model for lymphoma, providing valuable insights
into the treatment of this disease.

Keywords: Lymphoma; Risk prediction model; National Health Interview Survey;
Baseline characteristic; Machine learning

1. Introduction

Lymphoma, the sixth most common type of cancer worldwide,' is a group of malignant
tumors that originate from lymph nodes and extralymphatic tissues.”> It can be
categorized into two types: Hodgkin lymphoma (HL) and non-Hodgkin lymphoma
(NHL). Approximately 5-10% of lymphomas are HL, which is divided into classical and
nodular lymphocyte-predominant subtypes. In contrast, NHL is further divided into
B-cell, T-cell, and natural killer (NK) cell subtypes.? In 2020, a survey reported 544,352
new NHL cases globally, ranking it 13" among new malignant tumor cases worldwide,
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with 55.9% of cases in males and 44.1% in females.* The
overall mortality rate of NHL was reported to be 28.1%. In
addition, a total of 83,087 HL cases were reported (males:
59.1%; females: 40.9%), with an overall mortality rate of
47.7%. Recently, targeted therapies for lymphoma have
made significant advancements. However, some patients
responded poorly due to drug resistance, resulting in high
rates of treatment failure and relapse.® Hematopoietic stem
cell transplantation remains an important treatment for
relapsed/refractory lymphoma. However, outcomes are
still constrained by the source and quality of hematopoietic
stem cells, as well as their post-transplant developmental
and functional status.® Therefore, understanding the
various factors contributing to lymphoma development
and establishing a risk prediction model are crucial for
aiding the prevention and early diagnosis of lymphoma.

The National Health Interview Survey (NHIS) aims
to collect data on the health status, medical history, use
of medical services, and health behaviors of the United
States (U.S.) population and provides basic data for health
policy formulation, health research, and health service
planning. A multi-stage stratified sampling method
was used to select families and individuals from U.S.
states and counties as participants, ensuring the sample
is representative of the U.S. population across different
regions and socioeconomic backgrounds.” It offers
strong national representativeness, comprehensive health
information, and a broad range of variables.”® At present,
an increasing number of researchers have used the NHIS
database to conduct various studies, providing important
references for people’s health. For example, Mbous et al.”
conducted a study based on the NHIS database and found
that education, family income-to-poverty ratio, body
mass index (BMI), number of chronic conditions, alcohol
use, and general health as key factors accounting for the
physical activity (PA) disparity between White and Black
or Multiple/Mixed-race cancer survivors. These findings
could help inform behavioral PA interventions to improve
their design and targeting toward different racial groups
of cancer survivors.

Based on the NHIS data, the current study identified
factors associated with lymphoma occurrence, such as age
and gender, and used these lymphoma-associated variables
to evaluate four machine learning models: random forest
(RF), extreme gradient boosting (XGBoost), support vector
machine (SVM), and least absolute shrinkage and selection
operator (LASSO), and compared their performance to
identify the best-performing model. Finally, the relative
importance scores of lymphoma-related risk variables
were ranked, providing a solid foundation for an in-depth
understanding of lymphoma pathogenesis and the
development of new treatment strategies.

2. Materials and methods
2.1. Data collection

Data were obtained from the NHIS. The NHIS, which
began in 1957 and is a continuing survey, documents
the prevalence, distribution, and effects of illness and
disability in the U.S. population. Our study included
adult participants with a history of lymphoma from the
2023 NHIS dataset. The exclusion criteria were (i) unclear
lymphoma diagnosis or missing key information and
(ii) participants with missing data for other variables
(age, gender, race, BMI, breast cancer, hypertension, and
health status). A total of 3,670 participants, comprising
101 patients with lymphoma and 3,569 individuals without
lymphoma, were included. The flowchart is presented in
Figure 1.

2.2, Definition of variables

The corresponding numbers and grouping information for
each variable were as follows.

For age (AGEP_A), all participants were over
18 years old, and they were divided into four age ranges:
18-24 years, 25-44 years, 45-64 years, and 65 years and
older. For gender (SEX), they were divided into male and
female, and for race (HISPALLP_A), they were divided
into non-Hispanic White, Hispanic, non-Hispanic
Black/African American, Non-Hispanic American Indian
or Alaska Native (AIAN), non-Hispanic AIAN of any
other group, non-Hispanic Asian, and other single and
multiple races. For BMI (BMICAT_A), participants were
categorized into underweight, healthy weight, overweight,
and obese groups. For hypertension (HYPEV_A),
participants who responded “yes” to the question “Has a
doctor or other health professional ever told you that you
have hypertension?” were classified as having hypertension
(Yes), while the others were classified as non-hypertensive

{ Excluded subjects with

missing lymphoma data,
and those marked as
“refused” or “do not know”
in the database.
— (Remaining number of
participants: n=3,744).
Excluded subjects with
missing variable data, and
those marked as “refused,
v ” “not ascertained,” or “do
not know” .
(Remaining number of
participants: n= 3,670)

A certain number of participants
were selected from NHIS 2023
(n=129,522)

Finally, 3,670 subjects were recruited,
among whom 101 were lymphoma
patients and 3,569 were
non-lymphoma patients.

Figure 1. Flowchart of inclusion and exclusion of subjects
Abbreviation: NHIS: National Health Interview Survey.
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(No), while for breast cancer (BREASCAN_A), participants
who recorded “mentioned” to the question “Has a doctor or
other health professional ever told you that you have breast
cancer?” were classified as breast cancer (Yes), while the
others were classified as non-breast cancer (No). For health
status (PHSTAT_A), they were divided into excellent, very
good, good, fair, and poor.

2.3. Outcome definition

The 2023 NHIS database was used to extract data
from the adult questionnaire module, and the variable
LYMPHCAN_A was queried. The participants were asked,
“Sample adults 18+ who were ever told they had cancer?”
Participants who answered “Mentioned” to the lymphoma-
specific query were classified as lymphoma cases, while
those who answered “Not Mentioned” were classified as
controls.

2.4. Statistical analysis

A baseline table was constructed using the R package
“tableone” (v0.13.2, R Foundation for Statistical
Computing, Austria)® based on the seven variables.
Categorical variables were shown as percentages. Group
differences in continuous variables were quantified using
Cohens d effect size, calculated through the cohen.d()
function from the R package “effectsize”™ (v0.8.5), with
95% confidence intervals (CIs) reported. The strength of
association for categorical variables was assessed using
Cramer’s V effect size, computed through the cramersV()
function in the R package “rcompanion™! (v2.5.1); the ¥?
test was performed using the Chi-sq.test() function from
the stats package to obtain the y? value, and statistical
significance was set at p<0.05. The R package “caret”
(v6.0.94)"* was used to adjust hyperparameters. For all
models, the parameters were set as method = cv, number =
5, search = random. A 5-fold cross-validation was adopted.
For LASSO and SVM, an additional parameter, search, was
set to random, and 10 random searches were conducted to
evaluate 10 hyperparameter combinations.

The R package “glmnet” (v4.1.8)° was utilized to
conduct LASSO regression analysis on variables with
group differences. The regularization parameters, alpha
and lambda, control the intensity of regularization and,
thus, the model’s complexity.

The R package “xgboost” (v2.0.3.1)° was used to
perform an XGBoost analysis of variables with group
differences. A parameter grid was constructed by selecting
specific parameters. Among them, nrounds is the number
of boosting iterations, eta is the learning rate, which refers
to the weight reduction coefficient of each tree, and Max_
depth refers to the uppermost limit of depth that a solitary

tree can reach. Gamma represents the minimum reduction
in loss required when splitting a node. Colsample_bytree
denotes the fraction of features that are randomly picked
for each tree. Min_child_weight is defined as the least sum
total of sample weights across the child nodes. Subsample,
on the other hand, is the proportion of training samples
that are randomly selected for each individual tree.

The R package “e1071” (v1.7.14)° was used to perform
SVM analysis on variables with group differences. C is the
regularization parameter, and sigma is the width parameter
of the radial basis kernel function.

The R package “forestplot” (v3.1.3)° was used to
perform RF analysis of variables with group differences.
The parameter mtry is a key hyperparameter that controls
the number of features randomly selected at each decision
tree split in a node.

The parameters with the highest receiver operating
characteristic (ROC) values in each model were selected
for evaluation. To determine the optimal model, the
performances of the four machine learning models after
hyperparameter tuning were compared. The R package
“caret” was used to conduct ROC analysis to analyze the
sensitivity, specificity, precision, F1 score, accuracy, and
area under the curve (AUC) of the four machine learning
models. The AUC was used to determine the optimal
model (0.6 < AUC < 1.0).

To comprehensively evaluate the classification
performance of machine learning models, confusion
matrices were constructed and relevant metrics calculated.
The confusionMatrix() function from the “caret” package
was used to generate confusion matrices for each model,
distinguishing true positives (TPs), true negatives, false
positives (FPs), and false negatives (FNs). Based on these
matrices, accuracy, sensitivity (i.e., recall), specificity,
precision, and F1 score were computed using the R
packages caret and “yardstick” (v 1.2.0).”* The R package
“pPROC”4(v1.18.4) was applied to analyze FP and FN
ratios, assessing the misclassification patterns of models
and their clinical implications in the context of imbalanced
datasets.

The R package “binom™>'¢ (v1.1-1.1), based on the
binomial distribution, was used to calculate the positive
predictive value, negative predictive value (NPV), and
their 95% Cls. Calibration curves were plotted using the
R package “rms”" (v6.7-0), and calibration quality was
quantified by multiple statistics: Brier score (calculated
through mean squared error), calibration slope and
intercept (derived from logistic regression), and the
Hosmer-Lemeshow goodness-of-fit test (from the
“ResourceSelection” package'® [v0.3-6]). Finally, to assess
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the predictive importance of the seven variables for
lymphoma risk, variable importance scores were calculated
using the “caret” package and subsequently ranked in
descending order. All statistical analyses were performed
using R (version 4.2.2), and p<0.05 was considered
statistically significant.

3. Results

3.1. Statistical analysis of baseline characteristics of
lymphoma patients

The variables with marked statistical disparities between
the group with lymphoma and the non-lymphoma control
group included age, race, BMI, breast cancer, hypertension,

Table 1. Baseline table features

and health status (p<0.05). Specifically, in comparison to
the control group, the proportion of those aged 65 and
above with cancer was higher. Among the participants
with lymphoma, the proportions of those who were
overweight and obese were 32.7% and 34.7%, respectively,
which indicated that those with a BMI >25 were more
likely to develop cancer. In addition, hypertension and
breast cancer may have a certain association with the risk

of lymphoma or the disease state (Table 1).

3.2. Evaluation of the optimal machine learning

model

Results of the four models showed that the LASSO
model achieved a relatively good fit when alpha = 0.5756,

Variables Level Non-lymphoma, n (%) Lymphoma, n (%) P Effect size CI Test statistic, 2 (df)
Total 3,569 101
Age (years) 18-24 10 (0.3) 1(1.0) 0.043 Cramér’s  0.023-0.084 x> (3) =8.169
25-44 224 (6.3) 10 (9.9) V=0.047
45-64 888 (24.9) 33 (32.7)
> 65 2,447 (68.6) 57 (56.4)
Gender Male 1,542 (43.2) 54 (53.5) 0.051 Cramér’s  0.003-0.065 x> (1)=3.8
Female 2,027 (56.8) 47 (46.5) V=0.032
Race Hispanic 201 (5.6) 17 (16.8) <0.001 Cramér’s 0.059-0.12 X2 (6) =24.221
Non-Hispanic White 3,030 (84.9) 79 (78.2) V=0.081
Non-Hispanic Black/ 226 (6.3) 3(3.0)
African American
Non-Hispanic Asian 58 (1.6) 1(1.0)
Non-Hispanic AIAN 13 (0.4) 0(0.0)
Non-Hispanic AIAN 25(0.7) 1(1.0)
any other group
Other single 16 (0.4) 0(0.0)
and multiple races
BMI Underweight 56 (1.6) 5(5.0) 0.037 Cramér’s  0.024-0.085 % (3) = 8.468
Healthy weight 1,133 (31.7) 28 (27.7) V=0.048
Overweight 1,314 (36.8) 33(32.7)
Obese 1,066 (29.9) 35 (34.7)
Breast cancer Yes 728 (20.4) 4 (4.0) <0.001 Cramér’s 0.033-0.098 x> (1) = 15.607
No 2,841 (79.6) 97 (96.0) V=0.065
Hypertension Yes 2,054 (57.6) 45 (44.6) 0.012 Cramér’s  0.009-0.074 x> (1) =6.256
No 1,515 (42.4) 56 (55.4) V=0.041
Health status  Excellent 406 (11.4) 16 (15.8) 0.008 Cramér’s  0.038-0.099 X (4) =13.783
Very good 1,039 (29.1) 23 (22.8) V=0.061
Good 1,174 (32.9) 27 (26.7)
Fair 690 (19.3) 19 (18.8)
Poor 260 (7.3) 16 (15.8)

Abbreviations: ATAN: American Indian or Alaska Native; BMI: Body mass index; CI: Confidence interval; df: Degree of freedom.
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lambda = 0.0039, and the ROC curve area was 0.6889
(Table S1). For the XGBoost model, by adjusting
hyperparameters, the optimal parameter combination
was found to be gamma = 0, eta = 0.1, max_depth = 8,
colsample_bytree = 0.8, nrounds = 53, min_child_
weight = 1, subsample = 1, yielding an ROC value of 0.8567
(Table S2). When evaluating the SVM model, the ROC
values for the linear, radial basis, and polynomial kernels
were 0.5448, 0.7210, and 0.6557, respectively. Therefore,
the optimal parameters for the radial basis kernel function,
with sigma = 0.0087 and C = 83.4374, were selected for
the SVM model (Table S3). Subsequently, an RF model
was evaluated with mtry = 11, yielding an ROC value
of 0.6889 (Table S4). Finally, following hyperparameter
tuning, the four machine learning models were evaluated
using ROC curve analysis. The XGBoost model had the
highest AUC value (Figure 2A). Its sensitivity was 0.9916,
specificity was 0.1188, precision was 0.9086, F1 score was
0.9483, and accuracy was 0.9028 (Table S5). Confusion
matrix analysis revealed that all models demonstrated
excellent predictive performance for the X0 class, with
accuracies ranging from 88.8% to 89.8% and the number
of correct predictions exceeded 3,500 cases. Among
them, the XGBoost model achieved 89.2% accuracy for
the X0 class, demonstrating stable recognition ability
for the major class (Figure 2B). Further comprehensive
evaluation indicated that all models had high sensitivity
(0.989-1.000) and NPV (0.989-1.000), demonstrating
excellent ability to detect positive cases and to reliably
rule out non-diseased individuals (Table S6). Calibration
analysis results revealed that the XGBoost model had the
lowest Brier score (0.0708) and a Hosmer-Lemeshow
statistic consistent with that of the SVM model (37.39),
with its calibration curve closest to the ideal reference
line, indicating optimal calibration accuracy and
reliability (Figure 2C). In summary, the XGBoost model
evaluated using differential variables, such as age and
BMI, after optimal hyperparameter selection, not only
achieved the highest AUC for discriminative ability
but also demonstrated the best calibration of predicted
probabilities, indicating good effectiveness and reliability
in predicting lymphoma risk.

3.3. Importance ranking of the seven variables

Given that lymphoma risk is influenced by multiple factors,
the XGBoost model showed that obesity (BMI >30 kg/m?)
had the strongest predictive impact, with an importance
score of 100. The non-Hispanic AIAN (other subgroups)
category had the lowest importance score (5.83) in the
model, indicating that race/ethnicity had a relatively
weak predictive effect on lymphoma risk. These findings
suggested that developing targeted, precision intervention

strategies focused on obesity and other high-impact factors
could help reduce lymphoma risk (Figure 3 and Table S7).

4. Discussion

Lymphoma is a malignant tumor that originates from
lymph nodes and extralymphatic tissues.” There are two
categories: HL and NHL. Each lymphoma subtype differs in
clinical manifestations, pathogenesis, treatment strategies,
and prognosis evaluation.”” Based on the 2023 NHIS
database, we conducted a population-level retrospective
cohort study to identify risk factors for lymphoma and
build a predictive machine learning model."*

In this study, data related to lymphoma were extracted
from the NHIS database, including seven variables: age,
gender, race, BMI, history of breast cancer, history of
hypertension, and health status. By constructing and
comparing the baseline characteristic table, it was found
that the difference in BMI distribution between the two
groups was statistically significant (p=0.037), suggesting
that BMI may be related to the risk of ymphoma or disease
status; the increase in age was significantly related to the
increased risk of lymphoma, especially in people over
65 years old (p=0.043), and the susceptibility of this group
was higher. In addition, the history of breast cancer and
hypertension may also be related to the risk of ymphoma
or disease status. In summary, BMI, age?" (especially
people over 65), history of breast cancer, and history of
hypertension and other multi-dimensional variables were
significantly related to the risk of lymphoma, indicating
that the occurrence of lymphoma may be affected by a
variety of factors.”? The ROC curve graphically depicts
the tradeoft between sensitivity and specificity at different
test result cutoffs for defining a positive test. The goal for
a diagnostic test or prediction rule is to have as many TPs
and as few FPs as possible. This corresponds to moving
up the ROC curve as much as possible before moving to
the right.”

We combined the ROC analysis results to compare the
performance of the four machine learning models after
hyperparameter tuning, identifying the optimal model.
ROC analysis can evaluate the sensitivity, specificity,
precision, F1 score, accuracy, and AUC of different models.
AUC is a comprehensive metric for assessing classification
performance that considers changes in sensitivity and
specificity across all possible thresholds, is not influenced
by threshold selection, and provides a more comprehensive
reflection of the model’s discriminative ability. Specifically,
the AUC values for the four models were RF = 0.7081,
SVM = 0.7492, XGBoost = 0.8161, and LASSO = 0.6994,
indicating that XGBoost is the best model for lymphoma
risk prediction. XGBoost is a regularized, tree-based
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Figure 2. The XGBoost model as the optimal model for lymphoma risk prediction. (A) Receiver operating characteristic curves of the four models. The
X-axis represents false positives, the Y-axis represents true positives. (B) Confusion matrix: The X-axis represents the actual true category of the sample
(i.e., the real grouping result); the Y-axis represents the model’s predicted category. (C) Calibration curve: The X-axis represents the mean predicted
probability of the model classifying the sample as a “positive event”; the Y-axis represents the observed proportion of samples that actually experienced the
“positive event” within the corresponding predicted probability group.
Abbreviations: AUC: Area under the curve; H-L: Hosmer-Lemeshow; LASSO: Least absolute shrinkage and selection operator; RF: Random forest;
SVM: Support vector machine; XGBoost: Extreme gradient boosting.

boosting machine learning model. The method can turn Previous predictive studies on lymphoma risk have
heuristic rules into highly accurate predictions.* primarily relied on traditional logistic regression or Cox
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Figure 3. Ranked importance scores of features. Y-axis: Category of different variables; X-axis: Variable importance score
Abbreviation: AIAN: American Indian or Alaska Native.

proportional hazard models, focusing on specific clinical
or genetic factors. For example, a prognostic model
for diffuse large B-cell lymphoma (DLBCL) based on
clinical parameters (such as age, stage, radiotherapy, and
chemotherapy) showed robust butlimited discriminationin
the validation cohort (AUC of approximately 0.50-0.75).>
In addition, several machine learning-related studies, such
as models based on inflammatory markers, although they
performed well in prediction (AUC 0.95-0.92), relied on
laboratory detection indicators, such as C-reactive protein,
which had high data acquisition costs and were not suitable
for early screening at the population level.” The variables
selected in this study, such as age and BMI, were all from
routine health surveys, and no additional invasive tests are
required, enhancing the strength of clinical promotion.*

The analysis of variable importance further uncovers
the critical risk factors, with the results indicating that
obesity (BMI =30 kg/m?) is the most significant risk factor.
Studies have shown that adipose tissue can secrete various
inflammatory factors, and long-term inflammatory
stimulation may increase the risk of lymphoma
carcinogenesis. Obesity can induce immune system
dysfunction, leading to alterations in the metabolism
and function of immune cells, which in turn impair their
ability to recognize and eliminate cancer cells.”” More
importantly, leptin, as a core adipokine that is elevated in
obesity, has been shown to directly promote lymphoma cell

proliferation, inhibit apoptosis, and enhance its invasive
ability by binding to leptin receptors on the surface of
lymphoma cells and activating key signaling pathways,
such as phosphoinositide 3-kinase-protein kinase B,
becoming a key molecular bridge connecting obesity and
the occurrence and development of lymphoma. At the same
time, obesity-induced insulin resistance can upregulate
insulin-like growth factor signaling, further amplifying the
pro-proliferative effect of tumor cells.”

The BMI index, defined as weight in kilograms
divided by the square of height in meters, is clinically
used to classify weight status: overweight is defined as a
BMI 225 kg/m*. Between 1980 and 2013, the worldwide
prevalence of overweight or obese adults increased by
28%.%° Previous studies reported that obese/overweight
patients with lymphoma had poorer overall survival due
to disease relapse rather than therapy-related toxicity.’"*
A higher burden of cardiovascular disease and metabolic
dysfunction that occurs in overweight and obese
patients may independently be associated with poorer
outcomes.” Obesity is associated with an increased risk
of cardiovascular disease and malignancy,* particularly
hematologic malignancies.””* Individuals living with
obesity are 39% more likely to develop leukemia® and
20% more likely to develop NHL* relative to individuals
with a normal BMI (18.5 to 225 kg/m?). Several studies
have shown an increased risk of NHL in individuals with
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higher BMI, and the risk appears particularly notable for
aggressive NHL subtypes, rather than indolent ones.*>***
Indeed, obesity has been associated with a 40% increased
risk of developing DLBCL, whereas there is no statistically
significant increase in the risk of developing follicular
lymphoma or small lymphocytic lymphoma.*

Our study shows that the risk of lymphoma increases
with age, especially in people over 65 years old, who are
particularly prone to lymphoma. The core biological
mechanism underlying this phenomenon is closely related
to age-related immunosenescence and genomic instability.
With age, thymic degeneration leads to decreased T-cell
production, an imbalance in lymphocyte subsets, a decline
in B-cell function, a decrease in antibody diversity, and
chronic inflammation. This dual change, weakened
immune surveillance and chronic inflammation, not only
reduces the body’s ability to recognize and clear tumor
cells, but also continuously stimulates the proliferation
of lymphoma cells through inflammatory factors, such as
interleukin-6 and tumor necrosis factor.***' In addition,
age-related telomere shortening leads to increased
genomic instability.*> Shortening of telomeres in peripheral
blood leukocytes has been confirmed to be significantly
associated with an increased risk of Hodgkin’s lymphoma.
The mechanism involves disruption of chromosome
stability, a decline in DNA damage repair capacity, and the
acceleration of malignant transformation of lymphocytes.*

In summary, obesity (BMI 230 kg/m?) and age groups
of 45-64 years and =65 years are significant risk factors
for lymphoma. Obesity promotes the development of
lymphoma by inducing chronic inflammation and immune
dysfunction, particularly increasing the risk of aggressive
subtypes (e.g., DLBCL), and obese patients have poorer
overall survival.

Using lymphoma-related data from the NHIS database,
this study identified statistically significant differences
between lymphoma patients and controls by constructing
a baseline characteristics table. We then developed four
machine learning prediction models based on these
variables and found that the XGBoost model performed
best. The importance of the seven variables was assessed
using the machine learning algorithm, and it was found
that obesity (BMI >30 kg/m?), age 45-64 years, and age >65
were significant predictors of lymphoma. The subsequent
variable importance ranking provides a reference value for
the diagnosis and management of lymphoma. However,
this study has several limitations, including its cross-
sectional design, which captures information at a single
point in time, making it difficult to establish causality or
track changes over time. In addition, as a retrospective
observational study, data collection relied on self-reported

or historical records, which may be incomplete and prone
to biases.

5. Conclusion

Based on NHIS data, this study found that obesity made the
greatest predictive contribution to lymphoma development,
and the established prediction model demonstrated good
discriminative performance. This research provided a
basis for risk assessment, early prevention, and treatment
of lymphoma.
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