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regression and Boruta feature
selection
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Hemodialysis patients (HD) frequently experience nausea and vomiting as side effects, which can make
the procedure uncomfortable for them and cause it to end too soon. There are no known predictors

of vomiting. We aim to create a nomogram that can anticipate vomiting in hemodialysis patients. We
conducted a retrospective screening of patients with end-stage renal disease (ESRD) who received
regular hemodialysis at the First People’s Hospital of Nantong from January 1, 2023, to October 31,
2024. The outcome of the nomogram indicated vomiting, which was evaluated using the Korttila

scale. The least absolute shrinkage selection operator (LASSO) method and Boruta feature selection
were employed for the optimal prediction of predictors. Multiple logistic regression was employed

to construct predictive models presented as nomograms. The efficacy of nomograms was evaluated
using receiver operating characteristic (ROC) curves, calibration plots, and decision curve analysis
(DCA). The model underwent internal validation by assessing the validation cohort’s performance.

The study included 281 patients. Ninety-two patients, representing 32.74%, exhibited symptoms of
vomiting. Participants were randomly assigned to training (n=196) and validation (n=85) groups. The
nomogram incorporated predictors such as sex, height, heart rate, spKt.V, lymphocytes, and lactate
dehydrogenase. The ROC curves for both the training and verification groups demonstrate strong
recognition capability, while the calibration curves indicate that the correction outcomes for both
groups are highly satisfactory. This nomogram assists clinicians in identifying high-risk populations and
supports the formulation of effective preventive strategies.
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Hemodialysis is the predominant form of renal replacement therapy for end-stage renal disease (ESRD) patients.
It constitutes roughly 89% of all dialysis cases'~>. In 2018, a survey report encompassing 182 national populations
indicated that the median hemodialysis utilization was 298.4 per million*. Patients undergoing hemodialysis
may encounter a range of complications, such as hypotension, muscle cramps, imbalance syndrome, nausea and
vomiting, and dyspnea. Nurses need to be well-acquainted with these complications. Preventing complications
is crucial. Timely identification and management of critical complications can preserve patient life. Certain
complications associated with hemodialysis do not pose an immediate threat to patient survival; however, an
increase in intradialytic symptoms correlates with adverse outcomes, such as diminished quality of life, lower
dialysis dosage, depression, and increased mortality>®. Addressing these issues may prolong a patients lifespan
and enhance the quality of life.

Nausea and vomiting represent prevalent complications associated with hemodialysis. Chong and Tan’s
study examined the prevalence of gastrointestinal symptoms among Asian patients undergoing conventional
hemodialysis, revealing a significant occurrence of anorexia, nausea, vomiting, and early satiety during meals.
This study reported an incidence of nausea at 18.2% and vomiting at 9.8%’. In a study conducted in Iran, the
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incidence of nausea and vomiting during hemodialysis was found to be higher, with symptoms reported in up to
25.8% of cases®. Nausea and vomiting following the initiation of hemodialysis can arise from multiple factors™.
Since nausea and vomiting cause problems for hemodialysis patients, they should be looked into further and
avoided. Dehydration, or an imbalance in electrolytes and water, can be a severe consequence of vomiting. Even
though dialysis is expensive, nausea and vomiting make it unpleasant for the patient and may cause them to
stop it early, which can contribute to poor dialysis results'’. For doctors to anticipate vomiting, a model must be
developed. According to this paradigm, medical professionals are aware of the likelihood that a patient would
experience excessive vomiting and take appropriate action.

There is currently a dearth of information evaluating the risk factors for vomiting in hemodialysis patients.
Machine learning algorithms have been used more often in recent years to create prediction models as artificial
intelligence has grown!!. We believe that non-variable screening models are inappropriate for clinical practice,
have significant computing costs during operation and subsequent maintenance, and are not very repeatable
in various healthcare contexts. Also, given the high dimensionality of the data, we chose to use LASSO first for
preliminary screening to reduce Boruta ‘s computational burden and to improve the efficiency of the overall
analysis. Thus, after screening out risk factors using LASSO regression. we further screened variables using the
Boruta feature screening method. We then iteratively processed random fluctuations in forest importance scores
and factor interactions to screen for significant vomiting predictors. This approach is often employed in Diabetes
Mellitus (DM) research for feature selection'?!*. In addition, Zirui Meng et al. constructed a predictive model for
severe novel coronavirus pneumonia using variant analysis and modeling with the least absolute contraction and
selection operator (LASSO) and Boruta algorithm'%. Xuexuan Ding et al. used five machine learning algorithms,
LASSO, SVM-RFE, Boruta, XGBoost, and RE, to identify core genes in asthmal®.

This study aimed to gather clinical data from adult hemodialysis patients to create a prediction model for
vomiting based on machine learning algorithms and to determine the main variables influencing vomiting. With
this technology, medical professionals will be able to recognize high-risk populations and take early action to
enhance their quality of life.

Patients and methods

Study design and participants

We conducted a retrospective analysis of a group of hemodialysis patients admitted to the First People’s Hospital
of Nantong’s nephrology ward between January 1, 2023, and October 31, 2024. For an average of three to four
hours, each patient had dialysis thrice weekly. Criteria for inclusion: (1) between the ages of 18 and 80; (2)
maintenance hemodialysis lasting more than three months; (3) completing hemodialysis therapy with an
arteriovenous fistula; (4) achieving a blood flow of 200 to 300 mL/min; and (5) they were providing crucial
medical records and doing routine follow-up. The identical dialysate (dialysate sodium 140 mmol/L, dialysate
potassium two mmol/L, dialysate calcium 1.5 mmol/L, and dialysate temperature 37 °C) was administered to
each participant. The exclusion criteria were the difficulty accessing medical information, modifications to the
dialysis modality, and the occurrence of an illness or trauma unrelated to hemodialysis within a month. A flow
chart of the case selection and research procedure is shown in Fig. 1.

Ethics and informed consent

The Declaration of Helsinki’s tenets were followed throughout the study. The Ethics Committee of the First
People’s Hospital Center of Nantong granted informed consent to all participants, and this consent was
authorized (ethical approval number 2024KT435).

Data collection and variable definition

34 factors, comprising fundamental characteristics, dialysis-related data, and blood laboratory test data, were
gathered from the hemodialysis management system after the data ratio was randomly split into training and
validation sets by a 7:3 ratio. 34 factors, including essential variables like gender, age, height, weight, smoking
history, and coupled hypertension or diabetes, were gathered from the hemodialysis management system after
the entire dataset was randomly split into training and validation sets in a 7:3 ratio. Blood flow, hemodialysis
duration, dialysis duration, blood volume, ultrafiltration volume, predialysis heart rate, predialysis systolic blood
pressure, predialysis diastolic blood pressure, and dialysis adequacy measurements (Kt/V urea, URR) were
among the data about dialysis. Neutrophils, lymphocytes, monocytes, eosinophils, hemoglobin, platelet count,
high-sensitivity C-reactive protein, albumin, alkaline phosphatase, bilirubin, bile acids, lactate dehydrogenase,
glutamyl transpeptidase, uric acid, f2 microglobulin, prealbumin, and prealbumin were among the blood
laboratory tests. Moderate vomiting served as the study’s primary outcome assessment. Using the Korttila scale,
vomiting severity was classified as follows: no vomiting, mild vomiting (less than three episodes of vomiting
with or without gastric emptying), moderate vomiting (three to five episodes of vomiting with or without gastric
emptying), and severe vomiting (more than five episodes of vomiting with or without gastric emptying)'®.

Identify the best predictors

Feature selection was performed in the training cohort. We employed a rigorous feature selection approach
to incorporate the predictors most relevant to model construction to ensure that only the most appropriate
and robust variables were included in the prediction model. LASSO regression can obtain optimal constrained
models by compressing feature coefficients through penalty functions; this approach has been effectively used
to avoid overfitting and collinearity in classical analytical methods based on significant differences and enhance
models’ generalization ability. Boruta’s algorithm is a wrapper algorithm using random forest classification.
This practice can iteratively remove those features that are less relevant to random probing, thus aiming to
retain variables associated with the response variable function. In addition, these two algorithms are particularly
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Fig. 1. Research pathway diagram.

suitable for datasets with small sample sizes but large numbers of variables. Therefore, we further used the
Boruta algorithm!” after using the least absolute shrinkage and selection operator (LASSO) algorithm'® to obtain
the final significant predictors.

Statistical analysis

Continuous data were evaluated using the Mann-Whitney U test or Student’s t-test, and the results were displayed
as the median and interquartile range or mean+ SD. The chi-square test or Fisher’s exact test was an alternate
method for evaluating categorical data shown as numbers (%). To find risk factors for vomiting, we first screened
the factors using univariate logistic regression analysis of the training group. Then, we used LASSO regression
to reduce the dimension of high-dimensional data and find the best variables and predictive characteristics
for vomiting (25). Their calibration (calibration graph) and discriminant capacity (C-statistic) are evaluated
to validate nomograms. C-statistic values above 0.75 are generally seen as a sign of excellent discriminant
ability. Lastly, we used decision curve analysis (DCA) and clinical impact curves (CIC) to gauge how applicable
nomograms are in clinical practice. A significance level of p<0.05 was deemed statistically significant for all
analyses.

Results

Clinical features

Between January 1, 2023, and October 31, 2024, 281 patients who received hemodialysis at the Nephrology
Clinic of the Second Affiliated Hospital of Nantong University provided us with data. 196 patients (67.26%)
did not vomit during dialysis, while 92 patients (32.74%) did. The patients’ demographic details are included in
Table 1.

Risk factors associated with vomiting

Further univariate logistic regression analysis found Fifteen factors to be statistically significant (P<0.05).
The findings of the univariate analysis are summarized in Table 2. We used a 10-fold cross-validation strategy
using pi incidence as the dependent variable and Lambda to internally validate the 15 significant factors for our
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Characteristics Total(N=281) Vomiting (N=92) Non-Vomiting (N=189) | P

Sex, n (%)

0 122 (43.42%) 68 (73.91%) 54 (28.57%) <0.001
1 159 (56.58%) 24 (26.09%) 135 (71.43%)

Age (years) 59.00 [48.00; 69.00] 58.00 [48.75; 67.00] 59.00 [48.00; 69.00] 0.591
Body weight (kg) 64.70 [58.00; 74.10] 61.70 [56.88; 70.55] 66.50 [59.60; 75.30] 0.008
Height (m) 1.70 [1.65; 1.72] 1.68 [1.65; 1.70] 1.70 [1.66; 1.73] <0.001
BMI 22.94[19.91; 26.06] 22.48 [19.58; 25.81] 23.34 [20.08; 26.15] 0.329
Hypertension 0.515
0 116 (41.28%) 41 (44.57%) 75 (39.68%)

1 165 (58.72%) 51 (55.43%) 114 (60.32%)

Diabetes 0.061
0 202 (71.89%) 59 (64.13%) 143 (75.66%)

1 79 (28.11%) 33 (35.87%) 46 (24.34%)

Smoking 0.029
0 181 (64.41%) 68 (73.91%) 113 (59.79%)

1 100 (35.59%) 24 (26.09%) 76 (40.21%)

Dialysis age (month) 2.00 [1.00; 5.00] 2.00 [1.00; 5.00] 2.00 [1.00; 5.00] 0.306
Ultrafiltration settings 2.00 [1.20; 2.70] 2.20 [1.50; 2.90] 2.00 [1.00; 2.70] 0.032
Systolic blood pressure (mmHg) | 142.00[129.00; 158.00] | 135.00 [125.00; 142.25] | 146.00 [134.00; 163.00] <0.001
Diastolic (mmHg) 69.00 [62.00; 78.00] 62.00 [59.00; 70.00] 74.00 [63.00; 82.00] <0.001
Heart Rate (beats/min) 78.00 [71.00; 87.00] 85.00 [78.00; 93.50] 75.00 [69.00; 82.00] <0.001
spKt.V 1.39 [1.22; 1.62] 1.58 [1.41; 1.75] 1.30 [1.16; 1.52] <0.001
URR 68.18 (7.53) 70.10 (7.21) 67.24 (7.52) 0.002
Blood flow (mL/min) 230.00[210.00; 250.00] | 220.00 [200.00; 240.00] | 250.00 [220.00; 250.00] <0.001
Neutrophils (10°/L) 3.80 [3.00; 4.80] 4.00 [2.98; 5.60] 3.80 [3.00; 4.50] 0.128
Lymphocytes (10°/L) 1.30 [1.00; 1.80] 1.60 [1.20; 1.90] 1.20 [0.90; 1.60] <0.001
Monocyte (10°/L) 0.46 [0.36; 0.57] 0.46 [0.35; 0.56] 0.46 [0.37; 0.58] 0.534
Eosinophils (10%/L) 0.18 [0.11; 0.28] 0.16 [0.10; 0.26] 0.18 [0.12; 0.29] 0.305
Platelets (10°/L) 168.00[133.00; 212.00] | 170.00[129.75; 218.50] | 164.00 [134.00; 209.00] 0.791
Hemoglobin (g/L) 105.00 [91.00; 116.00] 102.00 [88.00; 115.00] 106.00 [93.00; 117.00] 0.257
Serum calcium (mmol/L) 2.18 [2.07; 2.31] 2.20 [2.08;2.33] 2.17 [2.06; 2.30] 0.538
Phosphate (mmol/L) 1.68 [1.37; 1.97) 1.82 [1.61;2.08] 1.58 [1.31; 1.94] <0.001
Serum sodium (mmol/L) 140.90 [138.60; 143.00] | 140.75 [138.55; 143.22] | 140.90 [138.60; 142.90] 0.659
Serum potassium (mmol/L) 4.62 [4.11; 5.24] 4.73 [4.19; 5.38] 4.58 [4.10; 5.17] 0.100
Serum iron (pg/mL) 115.00 [51.40; 248.00] | 102.50 [49.75; 250.00] | 117.00 [53.70; 238.00] 0.688
High-sensitivity C protein (mg/L) | 2.18 [0.36; 10.23] 2.38 [0.68;9.51] 2.16 [0.28; 12.04] 0.917
Albumin (g/L) 37.30 [34.50; 39.70] 37.20 [34.30; 39.35] 37.30 [34.70; 39.70] 0.620
Alkaline phosphatase (U/L) 80.00 [65.00; 97.00] 81.50 [66.50; 97.50] 79.00 [64.00; 97.00] 0.458
Bilirubin (mg/dL) 4.90 [3.90; 6.40] 4.95 [4.07; 6.10] 4.90 [3.80; 6.50] 0.673
Bile acid (umol/L) 5.08 [3.14; 7.58] 5.64 [4.11;7.91] 4.77 [2.73; 7.21] 0.047
Lactate dehydrogenase (U/L) 43.00 [17.00; 186.00] 23.50 [12.00; 86.25] 78.00 [19.00; 198.00] <0.001
Glutamyl transpeptidase (U/L) 17.00 [12.00; 26.00] 13.00 [10.00; 21.25] 19.00 [13.00; 29.00] <0.001
Uric acid (umol/L) 418.69 (114.28) 428.17 (122.78) 414.07 (109.95) 0.352
Prealbumin (g/L) 298.00 [227.00; 355.00] | 293.50 [233.00; 353.25] | 302.00[225.00; 355.00] 0.706
(2 microglobulin (mg/L) 21.25[19.49; 22.67] 21.13 [19.10; 22.70] 21.27 [19.75; 22.66) 0.495

Table 1. Baseline characteristics of patients. BMI body mass index, Kt/V dialysis effectiveness index, spKt.V

single-pool Kt/V, URR Urea reduction ratio.

subsequent univariate analysis because we had many covariates. Min was chosen as the filter variable for A. The
Lasso approach uses seven variable coefficients that change with penalty coefficients to filter variables, as shown
in Fig. 2A numerically. The coefficient of the initial integration component is compressed and eliminated from
the model when the coefficient is 0. Every row represents a different variable. The target variables were identified
using the area under the ROC curve (ACU) with 10-fold cross-validation, as seen in Fig. 2B. Finally, seven
factors were chosen: sex, height, diabetes, heart rate, spKt.V, lactate dehydrogenase, and lymphocytes (Table 3).
We subsequently performed the Boruta feature selection algorithm on the optimum parameters. We ultimately
chose six variables, including gender, height, heart rate, spKt.V, lymphocytes, and lactate dehydrogenase, to
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Characteristics B SE OR CI z P

2 microglobulin (mg/L) —-0.021 | 0.03507 | 0.98 0.98 (0.908-1.045) | —0.585 | 0.558
Prealbumin (g/L) 0 0.0016 |1 1(0.997-1.003) -0.107 | 0.915
Uric acid (umol/L) 0.001 0.00135 | 1.001 | 1.001 (0.999-1.004) 1.03 | 0.303
Glutamyl transpeptidase (U/L) —0.021 | 0.01018 | 0.979 | 0.979 (0.957-0.996) | —2.095 | 0.036
Lactate dehydrogenase (U/L) —0.006 | 0.00184 | 0.994 | 0.994 (0.99-0.997) | -3.502 | 0
Bile acid (umol/L) 0.001 0.03411 | 1.001 | 1.001 (0.933-1.07) 0.041 | 0.967
Bilirubin (mg/dL) —0.017 | 0.06674 | 0.983 | 0.983 (0.855-1.116) | — 0.261 | 0.794
Alkaline phosphatase (U/L) 0.004 0.00455 | 1.004 | 1.004 (0.995-1.013) 0.941 | 0.347
Albumin (g/L) —0.006 | 0.03417 | 0.994 | 0.994 (0.93-1.064) | —0.181 | 0.856
High-sensitivity C protein (mg/L) | — 0.014 | 0.01079 | 0.986 | 0.986 (0.962-1.005) | —1.26 | 0.208
Serum iron (pg/mL) 0.001 0.00091 | 1.001 1.001 (0.999-1.003) 1.004 | 0.315
Serum potassium (mmol/L) 0.387 0.19671 | 1.473 | 1.473 (1.004-2.181) 1.969 | 0.049
Serum sodium (mmol/L) —0.017 | 0.03725 | 0.983 | 0.983(0.91-1.056) —0.466 | 0.641
Phosphate (mmol/L) 0.875 0.28979 | 2.4 2.4(1.38-4.331) 3.02 |0.003
Serum calcium (mmol/L) —0.134 | 0.26011 | 0.874 | 0.874(0.276-1.026) | — 0.517 | 0.605
Hemoglobin (g/L) —0.015 | 0.009 0.986 | 0.986 (0.968-1.003) | —1.614 | 0.106
Platelets (10°/L) 0.001 0.00194 | 1.001 1.001 (0.997-1.005) 0.54 | 0.589
Eosinophils (10°/L) —0.666 | 0.67988 | 0.514 | 0.514 (0.11-1.646) | —0.98 |0.327
Monocyte (10%/L) ~0.752 | 0.88901 | 0.472 | 0.472 (0.078-2.609) | - 0.845 | 0.398
Lymphocytes (10°/L) 1.045 0.30738 | 2.844 | 2.844 (1.598-5.314) 3.401 | 0.001
Neutrophils (10°/L) 0.206 0.10195 | 1.229 | 1.229 (1.014-1.516) 2.019 | 0.044
Blood flow (mL/min) —0.02 |0.00642 | 0.981 | 0.981 (0.968-0.993) | —3.062 | 0.002
URR 0.072 0.02229 | 1.075 | 1.075 (1.03-1.125) 3.226 | 0.001
spKt.V 3.136 0.61966 | 23.005 | 23.00 (7.209-82.56) 506 |0
Heart rate (beats/min) 0.05 0.01253 | 1.052 | 1.052 (1.027-1.079) 4.028 | 0
Diastolic (mmHg) —0.059 | 0.01444 | 0.943 | 0.943 (0.915-0.968) | — 4.086 | 0
Systolic blood pressure (mmHg) | —0.033 | 0.0086 | 0.968 | 0.968 (0.951-0.984) | —3.792 | 0
Ultrafiltration settings 0.22 0.13685 | 1.246 | 1.246 (0.955-1.638) 1.606 | 0.108
Dialysis age (month) 0.022 0.04281 | 1.022 1.022 (0.937-1.111) 0.512 | 0.609
Smoking -0.395 | 0.3225 | 0.673 | 0.673(0.353-1.256) | — 1.226 | 0.22
Diabetes 0.276 0.33116 | 1.318 | 1.318 (0.683-2.512) 0.833 | 0.405
Hypertension —0.23 ]0.30832 | 0.794 | 0.794(0.434-1.459) | — 0.746 | 0.455
BMI —-0.031 |0.03425 | 0.97 0.97 (0.905-1.036) | —0.904 | 0.366
Height (m) —9.451 | 2.70827 |0 0(0-0.014) -349 |0
Body weight (kg) —~0.03 |0.01335 [0.97 |0.97(0.944-0.995) | -2.273 | 0.023
Age (years) —-0.007 | 0.01042 | 0.993 | 0.993(0.973-1.014) | — 0.642 | 0.521
Sex, n (%) —1.865 | 0.33514 | 0.155 | 0.155(0.079-0.294) | — 5.566 | 0

Table 2. Univariate Cox regression analysis of risk factors associated with vomiting in Hemodialysis patients.
BMI body mass index, Kt/V dialysis effectiveness index, spKt.V single-pool Kt/V, URR Urea reduction ratio.

differentiate between vomiting and non-vomiting patients (Fig. 2C). After that, the six variables were given
values and subjected to logistic multivariate regression analysis. Numerous collinearity diagnostics were used for
the logistic regression analysis data to examine the collinearity between variables. The findings demonstrated no
collinearity and that each index’s variance inflation factor (VIF) was less than 5. Six components were ultimately
incorporated into the regression model after regression analysis was conducted using the complete inclusion
approach.

Modal chart model for estimating the risk of vomiting

The enrolled patients were split into training and test groups in a 7:3 ratio using a randomized stratified grouping
technique (Supplementary Data). We developed tailored nomogram estimates to predict the likelihood that
patients will vomit during hemodialysis based on the risk variables chosen using Lasso regression and binary
logistic regression (Fig. 3). On a scale of 0 to 100, each element was given a score on a modal plot representing
its regression coefficient concerning the need for vomiting. The cumulative score, determined by summing the
scores for each category, assesses a person’s risk of vomiting. A vertical line in this computation represents each
factor axis that crosses the nomogram’s point axis. For explanation, the final total score can then be compared
to the total score table.

Scientific Reports |

(2025) 15:10434 | https://doi.org/10.1038/s41598-025-95287-1 nature portfolio


http://www.nature.com/scientificreports

www.nature.

com/scientificreports/

t! —
k14 7 34 2 4 37 37 3 37 37 37 37T 37 37 3% 3B 3B 3/ B N 7 B B 13 11987 42
. . . . .
. . : ’
B 1 1 ! !
= ; ) 1 ]
— — Z" —_— i i
o — e — | K
i - l 1 ]
il 1 e | |
>/‘/’_’/ ' : 1 I
=} e ' ' ' '
= ' ‘ 1 1
T — . N b
— | | g ! !
4 : i u g : :
s - !
§ o ; : o 2 ' : :
a N 1 1 o ! !
E | 1 1 - ! |
2 l 1 o Is ! I
3 o o LT L LLdse | Co
© * ! '; 0 | seasenpese sodege yereset ' ! !
X ! T v ! ; *
3 - 5% , .
1 1 1 ! |\
A 1 1 § | | !
: ) '0. ] ' ]
| i Tedeseset®?? o (11 i
i : "i" i
) ! ‘
11 i ‘ ° | |
. i ' O | I
. ’ 1 |
o 1 1 ! !
" ) 1 ]
-~ 1 1 ! !
- * I 1

-8 -6 -4 -2 -10 -8 -6 -4 -2
( Log Lambda Log(h)
[——]
g =
T ==
. B
. mem BN —
|
- 1 T T T T T T
H 3 H 2 N‘nb.nes%j B Z
;

Fig. 2. While LASSO is used for significant variable selection, the Boruta method is employed for feature
selection. (A) LASSO coefficient profiles of the clinical characteristics. (B) The optimal penalization coefficient
lambda was obtained using tenfold cross-validation in LASSO. The graphic shows the lambda value of the most
minor mean square error. The most minor absolute shrinkage and selection operator is known as LASSO. (C)
The function selected by Boruta. The blue boxplots correspond to the minimum, mean and maximum Z-scores
of the shaded attributes. Z-scores clearly distinguish between important and non-important attributes. Red and
green represent attributes that Boruta chooses to reject and confirm, respectively.

Variables B SE OR |CI z P

Sex —1.109 | 0.42437 | 0.33 | 0.329 (0.141-0.754) | —2.613 | 0.009
Height —8.632 | 3.39416 | 0 0.000 (1.806-0.117) | —2.543 | 0.011
Systolic blood pressure | —0.05 | 0.01694 | 0.951 | 0.951 (0.918-0.981) | —2.96 | 0.003
Heart rate 0.048 | 0.01621 | 1.05 | 1.049 (1.017-1.084) 299 |0.003
spKt.V 1.979 | 0.7498 | 7.236 | 7.235 (1.686-32.45) 2.639 | 0.008
Lymphocytes 0.512 | 0.30362 | 1.668 | 1.668 (0.895-3.162) 1.685 | 0.092
Lactate dehydrogenase | —0.003 | 0.0023 | 0.997 | 0.996 (0.992-1.001) | —1.329 | 0.184

Table 3. Multivariate logistic regression analysis of risk factors for vomiting.

Validation of nomogram models

For the training cohort model (Fig. 4A), the AUC was 0.847 (95% CI: 0.791-0.9027), and for the testing cohort
model (Fig. 4B), it was 0.847 (0.7603-0.9333). Both the training and testing cohorts show that the model is
calibrated correctly. The model was well adjusted based on the Hosmer-Lemeshow goodness-of-fit test for
the validation cohort (x2=4.4677, P=0.8127) and the training cohort (x2=3.9703, P=0.8598). According to
the calibration analysis, the model was calibrated using 500 Bootstrap internal sampling. Figure 5A shows the
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Fig. 3. Clinical nomograms based on multiple logistic regression analysis and Boruta’s method for feature
selection were used to predict the likelihood of vomiting in HD patients. A line connecting the corresponding
value to a “dot line” was constructed for each indication to assign points. We may determine the patient’s risk
of vomiting by calculating the probability of identical “totals” and utilizing the individual score totals of the six
measures that make up the nomogram.
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Fig. 4. The evaluation and internal validation of the nomogram. The model’s good discriminating ability
was demonstrated by (A) the training group’s AUC (AUC=0.847) and (B) the validation groups AUC
(AUC=0.847).
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Fig. 6. Clinical decision curves for nomogram models. (A) Denote the decision curve for the training set, and
(B) denote the decision curve for the validation set.

training set’s Brier score of 0.150 with a p-value of 0.957 (> 0.05), whereas Fig. 5B shows the validation set’s Brier
score of 0.146 with a p-value of 0.645 (>0.05). The calibration curve demonstrated a robust relationship between
the actual likelihood of occurrence and the projected probability.

Analysis of clinical practicability and rationality of prediction model
We used the incidence of vomiting during dialysis as a state variable and the projected likelihood of the calibration
plot as a test variable to evaluate the nomogram’ clinical value. As seen in Fig. 6, we created a clinical decision
curve (DCA) for the nomogram model. The threshold probability is shown on the X-axis, and the net benefit is
shown on the Y-axis. A solid gray line means all the patients threw up, whereas a narrow, solid black line means
none did. The decision curve indicates that the model is clinically useful throughout a relatively wide threshold
probability range. In contrast, the red curve shows the advantage for patients utilizing the predictive model
for this study. Furthermore, as demonstrated by the clinical effect curves (Fig. 7A, B), this prediction model
performs well in clinical applications since the two curves nearly coincide when used to stratify a population of
1000 individuals.

To provide a more thorough assessment, we contrasted the ROC curves of the predicted nomograms with
those of models that only used one predictor. When gender, height, heart rate, spKt.V, lymphocytes, and lactate
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Fig. 8. Rationality curve analysis of residual variable risk nomogram.

dehydrogenase were used alone, the nomogram area under the curve was more significant than the model’s,
indicating that vomiting was consistently lower for individual predictors than for the prediction model; This
suggests that the model performed robustly. Figure 8 illustrates the model’s plausibility.

Discussion

Around the world, more than a million dialysis patients are still alive. The lives of hundreds of thousands of patients
with end-stage renal illness have been prolonged by the widespread use of dialysis'®. However, hemodialysis does
not eliminate all of the difficulties brought on by renal failure, even though it is essential in saving the patient’s
life. Therefore, Hemodialysis patients have several problems??!. More than 25% of hemodialysis patients
have common side symptoms, such as hypotension, muscular cramps, nausea and vomiting, headache, chest
discomfort, back pain, fever, and shivering??. Predictive models are gaining more attention in several clinical
domains, including sepsis, Kawasaki disease, and malignant tumors. Additionally, there is a growing body of
pertinent research in these domains**-%. Predictive models for the onset of vomiting during hemodialysis are
still lacking, nevertheless. Therefore, to support clinical decision-making and offer individualized treatment
plans, we set out to create a prediction model for the onset of post-dialysis vomiting.
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34 variables were included in our retrospective analysis of the clinical and laboratory data of 281 hemodialysis
patients, including easily accessible laboratory, anthropological, and dialysis-related data. Gender, height, heart
rate, spKt.V, lymphocytes, and lactate dehydrogenase were found to be independent predictors for vomiting
in dialysis patients using several statistical techniques. We created a straightforward and precise nomogram,
verified it internally, and demonstrated the model’s clinically solid applicability and effectiveness. They were
vomiting to offer individualized treatment plans and to support clinical decision-making.

In our group, vomiting occurred 32.74% of the time, which aligns with earlier results’. Hemodialysis-induced
nausea and vomiting have several etiologies. A fast decline in blood pressure or urea causes this problem in
many dialysis patients®. The primary causes of nausea and vomiting are also thought to be a variety of factors,
including the impact of ESRD and its treatment on the digestive system, the food of the patient, medication
schedules, and developmental abnormalities. Nausea, vomiting, diarrhea, and gastrointestinal mucosal edema
(with early satiety) are all linked to fluid excess’. Other early signs of disequilibrium syndrome include nausea
and vomiting. Dialyzer responses of type A and type B both contribute to these symptoms. Dialysis patients
may have worsening nausea and vomiting due to elevated dialysate sodium and calcium levels’. Hemodialysis
patients may experience nausea if they eat on the dialysis machine or within an hour of beginning dialysis’.
When Shahdadi et al. compared nausea and vomiting during hemodialysis in semi-sitting and supine postures,
the majority of the participants were female’. Our prediction model also revealed a greater heart rate, spot, and
a shorter height. Lower lymphocyte lactate dehydrogenase levels and V values may put patients at greater risk
of vomiting. According to Feng et al., lymphocytes strongly predict postoperative nausea and vomiting (PONV)
following total knee arthroplasty (TKA) and are an independent risk factor for this occurrence”. According to
another study, heart rate is a significant predictor of post-spinal anesthesia PONV and an expected incidence of
the condition?3. According to research by Johansson et al., individuals who were shorter, lighter, and had a lower
BMI were more likely to get PONV?°. The hemodialysis population had higher lactate dehydrogenase (LDH)
levels, according to Fang et al. LDH was highly correlated with QTc prolongation, one of the frequent causes
of patients’ sudden cardiac death®. Kt/V and URR are widely acknowledged as the most crucial metrics for
measuring and tracking dialysis effectiveness®"*2. Dialysis involves the removal of large volumes of fluid from the
body. The circulatory system tightens the muscle arteries to compensate for the body’s loss of these fluids, which
can cause vomiting and stomach pains. However, no studies have shown a direct association between urea levels,
Kt/V, URR values, and vomiting. However, Kt/V is an essential measure of dialysis adequacy, where K represents
urea clearance from the dialyzer, t represents dialysis time, and V represents urea volume of distribution. Higher
values of Kt/V indicate adequate dialysis. Inadequate dialysis may lead to the accumulation of toxins in the
body, causing symptoms such as nausea and vomiting. Urea is the end product of protein metabolism, and
its level can reflect patients’ nutritional status and dialysis effect. High urea levels are usually associated with
excessive protein intake or inadequate dialysis. High urea levels may cause uremic symptoms, including nausea
and vomiting. URR measures urea removal efficiency during dialysis and is calculated as (pre-dialysis urea -
post-dialysis urea)/pre-dialysis urea. Higher URR values indicate better dialysis. Low URR values may indicate
poor dialysis results, causing urea to accumulate and increasing the risk of vomiting.

Using gender, height, heart rate, spKt.V, lymphocytes, and lactate dehydrogenase as predictors, we created
a nomogram for the first time in this study’s development of a prediction model for vomiting in hemodialysis
patients. The nomograms and the validation set’s risk prediction abilities were 0.847. The three primary benefits
of this study are as follows: first, prediction models are built using straightforward and objective clinical
data; second, the variables used to create the models are easily accessible, significantly enhancing the model’s
universality and making it easier to apply in clinical practice. Finally, our nomograms demonstrated significant
calibration, stability, and distinction.

Several restrictions exist on the current investigation. The small sample size of this single-center cross-
sectional study raises the possibility of selection bias. We will further conduct a multicenter study to include
patients from different regions and medical institutions to improve the diversity and representativeness of the
sample. Furthermore, we only validated nomogram models internally; external validation was also necessary
for further research. Large, multicenter, prospective studies may be conducted to find other risk factors for
vomiting issues in HD patients. This would allow for the early implementation of appropriate strategies to
prevent vomiting during dialysis, which would prevent dialysis from continuing and alleviate patient suffering.
In addition, we will further mine the medical records of patients and collect more perfect variable data to
improve the comprehensiveness and accuracy of prediction models; secondly, methods to improve existing
models, including the introduction of machine learning algorithms (such as random forests, support vector
machines, or deep learning) to deal with nonlinear relationships and complex interactions, while optimizing
model performance in combination with feature selection techniques.

Conclusion
We established a prediction model for vomiting risk in HD patients, which provides a valuable reference for
identifying and preventing vomiting risk.

Data availability

Datasets of the current study are available from the corresponding authors upon reasonable request.
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