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ABSTRACT 

Background. Acute kidney injury ( AKI) is a prevalent complication in patients at risk of malnutrition, elevating the risks 
of acute kidney disease ( AKD) and mortality. AKD reflects the adverse events developing after AKI. This study aimed to 
develop and validate machine learning ( ML) models for predicting the occurrence of AKD, AKI and mortality in patients 
at risk of malnutrition. 
Methods. We retrospectively reviewed the medical records of patients at risk of malnutrition. Eight ML algorithms were 
employed to predict AKD, AKI and mortality. The performance of the best model was evaluated using various metrics 
and interpreted using the SHapley Additive exPlanation ( SHAP) method. An artificial intelligence ( AI) -driven web 
application was also created based on the best model. 
Results. A total of 13 395 patients were included in our study. Among them, 1751 ( 13.07%) developed subacute AKD, 1253 
( 9.35%) were transient AKI, and 1455 ( 10.86%) met both AKI and AKD criteria. The incidence rate of mortality was 6.74%. 
The light gradient boosting machine ( LGBM) outperformed other models in predicting AKD, AKI and mortality, with area 
under curve values of 0.763, 0.801 and 0.881, respectively. The SHAP method revealed that AKI stage, lactate 
dehydrogenase, albumin, aspirin usage and serum creatinine were the top five predictors of AKD. An online prediction 

website for AKI, AKD and mortality was developed based on the final models. 
Conclusions. The LGBM models provide an effective method for predicting AKD, AKI and mortality at an early stage in 

patients at risk of malnutrition, enabling prompt interventions. Compared with the AKD model, the models for 
predicting AKI and mortality perform better. The AI-driven web application can significantly aid in creating personalized 
preventive measures. Future work will aim to expand the application to larger, more diverse populations, incorporate 
additional biomarkers and refine ML algorithms to improve predictive accuracy and clinical utility. 
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KEY LEARNING POINTS 

What was known: 

• Acute kidney injury ( AKI) is a common complication in patients at risk of malnutrition, increasing the risks of acute kidney 
disease ( AKD) and mortality.

• AKD reflects adverse events occurring after AKI, and there was a need to develop predictive models for AKD, AKI, and 
mortality.

• This research aimed to fill that gap by applying machine learning ( ML) to predict these outcomes in patients at risk of 
malnutrition.

This study adds: 

• The light gradient boosting machine model outperformed other algorithms in predicting AKD, AKI and mortality, with high 
accuracy.

• SHapley Additive exPlanation ( SHAP) analysis identified AKI stage, lactate dehydrogenase, albumin, aspirin usage and serum 

creatinine as top predictors for AKD.
• A user-friendly, artificial intelligence ( AI) -driven web application was developed, offering personalized risk predictions for 

AKI, AKD and mortality.

Potential impact: 

• Early identification of AKI and AKD risks in patients at risk of malnutrition enables timely interventions, potentially improv- 
ing outcomes.

• The AI-driven tool enhances decision-making for healthcare providers, aiding in personalized treatment strategies.
• This research supports the broader adoption of ML models in clinical practice to improve patient care and preventive 

measures.
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NTRODUCTION 

alnutrition is defined as a state of insufficient intake or up- 
ake of nutrients, leading to higher healthcare costs and mor- 
ality rates [1 , 2 ]. A 2015 study found a rate of 27.8%, using the
utritional risk screening ( NRS-2002) score [3 ]. Importantly, the 
ssociation between illness and nutritional status seems to be 
idirectional [3 , 4 ]. Acute kidney injury ( AKI) and chronic kid- 
ey disease ( CKD) are affected by metabolic changes and mal- 
utrition [5 ]. Additionally, patients at risk of malnutrition are at 
 higher risk of renal impairment [4 ]. Most research focuses on 
KI and CKD, with limited studies on renal function changes in 
he 7–90 days following kidney injury. 

Current evidence indicates that AKI can progress to an inter- 
ediate stage called acute kidney disease ( AKD) , defined by the 
6th Acute Disease Quality Initiative ( ADQI) meeting as acute 
r subacute damage and/or loss of kidney function persisting 
or 7–90 days following an AKI-triggering event [6 ]. While AKI 
epresents a sudden decline in kidney function, AKD encom- 
asses a broader timeframe and includes patients who do not 
ully recover from an episode of AKI [7 ]. Therefore, distinguish- 
ng between AKD and AKI in clinical practice is crucial, as the 
anagement strategies and prognostic implications for these 
onditions differ. 

Recently, several studies have demonstrated that the supe- 
ior predictive capabilities of machine learning ( ML) models over 
raditional statistical methods in predicting diseases. For in- 
tance, in pediatric critical care, the prediction of Stage 2/3 AKI 
y a ML model showed an area under curve ( AUC) of the receiver 
perating characteristic ( ROC) curve of 0.89 [8 ]. Wang et al . de- 
eloped ML models to assist in diagnosing malnutrition [9 ]. De- 
pite ML’s complexity, the SHapley Additive exPlanation ( SHAP) 
ethod has been developed to make these models more inter- 
retable [10 , 11 ]. 
Hence, this study aimed to achieve the following objec- 

ives: ( i) investigate the incidence rates of AKD, AKI and mor- 
ality among patients at risk of malnutrition to fill a gap in the 
pidemiology of kidney injury trajectories; ( ii) develop predictive 
L models for AKD, AKI and mortality, using SHAP analysis to 
larify the contributions of individual features and provide in- 
ights into the model’s decision-making process; and ( iii) create 
n innovative, user-friendly online risk calculator based on ML 
lgorithms. 

ATERIALS AND METHODS 

ata collection 

e conducted a retrospective review of the medical records of all 
1 964 hospitalized patients at risk of malnutrition from our hos- 
ital between October 2012 and October 2019. Patients were ex- 
luded if they met any of the following criteria: undergoing con- 
inuous dialysis, having undergone renal transplantation prior 
o the diagnosis of AKI or AKD, having fewer than two serum cre-
tinine ( Scr) tests during hospitalization, missing inpatient data,
eing under 18 years of age or having a hospitalization duration 
f < 48 h. 
The risk of malnutrition during hospitalization was evalu- 

ted by the NRS-2002 scale within the first 24 h after admis- 
ion, which consists of a score for impaired nutritional status,
 score for the severity of disease and an additional score if age
70 years. Malnutrition risk is identified if the total NRS-2002 
core is ≥3 [12 ]. Impaired nutritional status is rated from 0 to 3
ased on changes in body mass index, weight and food intake,
hile disease severity is graded from 0 to 3 depending on the 
ype and history of diseases. 

Complete blood counts and blood chemistry analyses were 
erformed within 3 days of admission. Additionally, we collected 
ata on demographic characteristics, comorbidities and medica- 
ions from the hospital information system. The comorbidities 
entioned in this study were defined according to the Interna- 

ional Classification of Diseases, 10th Revision. The study was 
pproved by the Institutional Review Board ( QYFY WZLL 28942) .
s a retrospective study, it adhered to ethical guidelines by 
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Figure 1: Flow diagram of patient selection. 
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nsuring patient confidentiality through anonymized data col- 
ection. All data usage and processes complied with relevant pri-
acy protocols and ethical regulations to safeguard participant 
ights and meet legal and regulatory requirements.

efinition 

he primary outcome was the occurrence of AKD, with sec-
ndary outcomes including AKI and mortality. AKI was diag- 
osed based on Kidney Disease: Improving Global Outcomes 
 KDIGO) 2012 as follows: Scr level > 26.5 mmol/L ( 0.3 mg/dL) 
ithin 48 h; an increase in Scr to > 1.5-fold the baseline-
onfirmed value or an increase presumed to have occurred 
ithin 7 days; or urine output < 0.5 mL/kg/h for > 6 h [13 ]. AKD
as defined following the 2017 ADQI as acute or subacute dam-
ge and/or loss of kidney function for a duration of between 7
nd 90 days after exposure to an AKI initiating event. Subacute
KD is characterized by a gradual decline in kidney function dur-
ng the first 7 days that does not meet the KDIGO criteria for AKI
ut progresses to AKD after 7 days [6 ]. Diagnosis and staging of
KI and AKD were determined at the first fulfillment of these
riteria. 

Based on the diagnostic criteria for AKI and AKD, patients
ere categorized into four groups. ( i) Transient AKI, included pa- 
ients who met the criteria for AKI but experienced a decline in
cr levels within 7 days and did not subsequently meet the cri-
eria for AKD after 7 days. ( ii) Subacute AKD, comprised patients 
hose Scr levels increase gradually over the first 7 days, not
eeting the KDIGO criteria for AKI but progressing to AKD after
 days ( AKD without AKI) . ( iii) AKD with AKI, included patients 
ho experienced stage ≥1 AKI that persisted for at least 7 days
ollowing the initial AKI event, indicating a continuous progres-
ion from AKI to AKD ( persistent AKI) . ( iv) No kidney disease
 NKD) , consisted of patients who had an estimated glomerular
ltration rate ( eGFR) of 60 mL/min/1.73 m2 or higher and no de-
ectable albuminuria, and who did not meet the criteria for ei-
her AKI or AKD. To thoroughly assess the impact of evolving
idney injury patterns on mortality among patients at risk of
alnutrition, we integrated AKI and AKD into a unified met-

ic termed “trajectory” during the construction of the mortality
odel. The “trajectory” variable adopted values of 0, 1, 2 and 3,
orresponding to NKD, transient AKI, subacute AKD, and AKD
ith AKI, respectively. Baseline Scr was defined as the first Scr
alue measured during hospitalization, and the baseline eGFR
as calculated using the Chronic Kidney Disease Epidemiology
ollaboration formula [14 ]. 

eature selection 

n this study, we employed the Recursive Feature Elimination
 RFE) method for feature selection. The principle of feature selec-
ion was to retain essential predictors while eliminating redun-
ant ones, thereby identifying a minimal set of predictors that
ould enhance model accuracy while reducing complexity. Start-
ng with the entire dataset, the RFE method evaluates features
ased on AUC of the ROC curve. In each iteration, RFE calculates
anking scores, with higher rankings given to predictors more
trongly associated with the outcome. Lower-ranked predictors 
re subsequently eliminated in a recursive manner until an op-
imal predictor set is obtained. In this study, we used the light
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Table 1: Baseline characteristics of patients. 

Acute/subacute renal impairment ( n = 4459) 

Features Total ( n = 13 395) NKD ( n = 8936) 
Transient AKI 
( n = 1253) 

Subacute AKD 

( n = 1751) 
AKD with AKI 

( n = 1455) P -value 

Demographics 
Age ( years) 65.05 ± 14.63 64.87 ± 14.28 64.02 ± 16.7 67.17 ± 14.72 64.43 ± 14.54 < .01 
Male, n ( %) 8344 ( 62.29) 5696 ( 63.74) 765 ( 61.05) 989 ( 56.48) 894 ( 61.44) < .01 
Smokers, n ( %) 4991 ( 37.26) 3534 ( 39.55) 417 ( 33.28) 543 ( 31.01) 497 ( 34.16) < .01 
Drinkers, n ( %) 4067 ( 30.36) 2853 ( 31.93) 348 ( 27.77) 443 ( 25.3) 423 ( 29.07) < .01 
BMI ( kg/m2 ) 22.73 ± 3.95 22.63 ± 3.82 23.19 ± 4.28 22.38 ± 4.10 23.37 ± 4.11 < .01 
SBP ( mmHg) 130.07 ± 22.04 129.55 ± 20.84 131.95 ± 25.6 130.38 ± 22.46 131.28 ± 25.03 < .01 
DBP ( mmHg) 76.40 ± 12.84 76.49 ± 12.16 76.84 ± 14.75 75.87 ± 13.07 76.11 ± 14.75 .15 
NRS-2002 score 3.00 ( 1.00) 3.00 ( 1.00) 3.00 ( 1.00) 3.00 ( 1.00) 4.00 ( 1.00) < .01 

Laboratory tests 
RBC ( ×1012 /L) 3.93 ± 0.79 4.01 ± 0.75 3.91 ± 0.87 3.76 ± 0.8 3.73 ± 0.89 < .01 
WBC ( ×109 /L) 8.61 ± 11.91 8.06 ± 11.18 10.05 ± 11.96 8.99 ± 11.51 10.27 ± 15.77 < .01 
Scr ( μmol/L) 92.7 ± 74.97 86.19 ± 46.82 112.19 ± 124.5 92.57 ± 72.12 116.06 ± 132.51 < .01 
Glucose ( mmol/L) 6.69 ± 3.24 6.34 ± 2.87 7.8 ± 4.21 6.8 ± 3.26 7.75 ± 3.91 < .01 
Na ( mmol/L) 139.56 ± 5.28 139.93 ± 4.73 139.15 ± 6.73 138.74 ± 5.53 138.63 ± 6.4 < .01 
Hemoglobin ( g/L) 116.28 ± 25.38 118.01 ± 24.55 116.74 ± 27.6 110.9 ± 24.81 111.77 ± 27.62 < .01 
Platelets ( 109 /L) 229.19 ± 108.43 238.27 ± 107.9 204.7 ± 97.16 223.87 ± 110.59 200.94 ± 109.86 < .01 
ALT ( U/L) 54.15 ± 240.81 39.4 ± 118.46 88.59 ± 359.53 53.5 ± 225.24 115.85 ± 519.06 < .01 
GGT ( U/L) 94.43 ± 231.09 82.95 ± 214.22 102.21 ± 241.7 102.97 ± 248.07 147.98 ± 285.91 < .01 
ADA ( U/L) 13.9 ± 12.27 13.21 ± 10.03 14.84 ± 20.13 15.09 ± 14.46 15.92 ± 12.59 < .01 
Total bilirubin ( umol/L) 32.46 ± 71.34 23.56 ± 45.95 47.35 ± 109.38 34.82 ± 69.7 71.44 ± 124.72 < .01 
AST ( U/L) 56.71 ± 323.14 34.73 ± 106.19 120.08 ± 507.5 51.49 ± 243.94 143.43 ± 764.99 < .01 
Cholesterol ( mmol/L) 4.49 ± 1.57 4.56 ± 1.39 4.31 ± 1.92 4.38 ± 1.62 4.34 ± 2.14 < .01 
HDL ( mmol/L) 1.14 ± 0.44 1.18 ± 0.4 1.08 ± 0.53 1.09 ± 0.43 0.97 ± 0.53 < .01 
LDL ( mmol/L) 2.6 ± 1.22 2.65 ± 1.06 2.46 ± 1.42 2.53 ± 1.27 2.56 ± 1.75 < .01 
Triglycerides ( mmol/L) 1.27 ± 1.06 1.21 ± 0.98 1.38 ± 1.22 1.29 ± 0.92 1.5 ± 1.47 < .01 
LDH ( U/L) 226.69 ± 253.47 199.7 ± 179.85 301.0 ± 382.71 241.79 ± 224.85 310.22 ± 435.45 < .01 
UA ( umol/L) 272.61 ± 131.41 267.53 ± 112.95 289.76 ± 162.99 269.86 ± 145.15 292.4 ± 177.9 .89 
ALP ( U/L) 114.38 ± 151.06 106.89 ± 132.27 118.23 ± 180.22 124.28 ± 161.99 145.14 ± 204.23 < .01 
Total protein ( g/L) 62.03 ± 8.96 63.1 ± 8.5 59.46 ± 9.72 60.8 ± 9.0 59.16 ± 9.75 < .01 

Albumin ( g/L) 33.58 ± 6.41 34.44 ± 6.15 32.32 ± 6.68 31.93 ± 6.35 31.38 ± 6.69 < .01 
Albumin globulin ratio 1.23 ± 0.34 1.25 ± 0.33 1.23 ± 0.4 1.16 ± 0.34 1.16 ± 0.33 < .01 
Prothrombin time ( s) 11.55 ± 3.96 11.08 ± 2.56 12.56 ± 5.17 12.06 ± 6.22 12.9 ± 5.53 < .01 
Fibrinogen ( g/L) 3.61 ± 1.19 3.63 ± 1.14 3.56 ± 1.28 3.57 ± 1.21 3.52 ± 1.36 .01 
Thrombin time ( s) 15.42 ± 7.0 15.01 ± 4.58 16.13 ± 10.01 16.04 ± 9.14 16.62 ± 11.5 < .01 

Comorbidities, n ( %) 
CKD 717 ( 5.35) 241 ( 2.7) 157 ( 12.53) 115 ( 6.57) 204 ( 14.02) < .01 
Pneumonia 1516 ( 11.32) 1143 ( 12.79) 91 ( 7.26) 188 ( 10.74) 94 ( 6.46) < .01 
Bronchitis 238 ( 1.78) 178 ( 1.99) 11 ( 0.88) 34 ( 1.94) 15 ( 1.03) .01 
Asthma 232 ( 1.73) 161 ( 1.8) 17 ( 1.36) 27 ( 1.54) 27 ( 1.86) .42 
COPD 597 ( 4.46) 387 ( 4.33) 46 ( 3.67) 98 ( 5.6) 66 ( 4.54) .34 
ICH 884 ( 6.6) 508 ( 5.68) 116 ( 9.26) 163 ( 9.31) 97 ( 6.67) < .01 
Cerebral infarction 1052 ( 7.85) 611 ( 6.84) 124 ( 9.9) 182 ( 10.39) 135 ( 9.28) < .01 
Hepatic cirrhosis 443 ( 3.31) 217 ( 2.43) 38 ( 3.03) 63 ( 3.6) 125 ( 8.59) < .01 
DM 2824 ( 21.08) 1776 ( 19.87) 272 ( 21.71) 410 ( 23.42) 366 ( 25.15) < .01 
HUA 207 ( 1.55) 123 ( 1.38) 22 ( 1.76) 38 ( 2.17) 24 ( 1.65) .03 
Hyperthyroidism 57 ( 0.43) 36 ( 0.4) 4 ( 0.32) 11 ( 0.63) 6 ( 0.41) .67 
Atrial fibrillation 291 ( 2.17) 102 ( 1.14) 47 ( 3.75) 73 ( 4.17) 69 ( 4.74) < .01 
ACS 1076 ( 8.03) 536 ( 6.0) 137 ( 10.93) 213 ( 12.16) 190 ( 13.06) < .01 
CHD 2874 ( 21.46) 1679 ( 18.79) 285 ( 22.75) 535 ( 30.55) 375 ( 25.77) < .01 
Hypertension 4864 ( 36.31) 3000 ( 33.57) 519 ( 41.42) 768 ( 43.86) 577 ( 39.66) < .01 

Medications, n ( %) 
β-blockers 5073 ( 37.87) 3171 ( 35.49) 528 ( 42.14) 633 ( 36.15) 741 ( 50.93) < .01 
ACEI 1032 ( 7.7) 540 ( 6.04) 108 ( 8.62) 210 ( 11.99) 174 ( 11.96) < .01 
ARB 1947 ( 14.54) 1223 ( 13.69) 169 ( 13.49) 320 ( 18.28) 235 ( 16.15) < .01 
Statins 2044 ( 15.26) 1224 ( 13.7) 200 ( 15.96) 336 ( 19.19) 284 ( 19.52) < .01 
CCB 3946 ( 29.46) 2348 ( 26.28) 426 ( 34.0) 588 ( 33.58) 584 ( 40.14) < .01 
PPIs 11 522 ( 86.02) 7616 ( 85.23) 1049 ( 83.72) 1523 ( 86.98) 1334 ( 91.68) < .01 
β-lactam antibiotics 5747 ( 42.9) 3550 ( 39.73) 545 ( 43.5) 820 ( 46.83) 832 ( 57.18) < .01 
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Table 1: Continued 

Acute/subacute renal impairment ( n = 4459) 

Features Total ( n = 13 395) NKD ( n = 8936) 
Transient AKI 
( n = 1253) 

Subacute AKD 

( n = 1751) 
AKD with AKI 

( n = 1455) P -value 

Macrolides antibiotics 383 ( 2.86) 278 ( 3.11) 26 ( 2.08) 38 ( 2.17) 41 ( 2.82) .02 
Aminoglycoside antibiotics 556 ( 4.15) 350 ( 3.92) 39 ( 3.11) 86 ( 4.91) 81 ( 5.57) .06 
Quinolone antibiotics 3795 ( 28.33) 2431 ( 27.2) 288 ( 22.98) 568 ( 32.44) 508 ( 34.91) < .01 
Cardiac glycosides 7598 ( 56.72) 4763 ( 53.3) 808 ( 64.49) 933 ( 53.28) 1094 ( 75.19) < .01 
Aspirin 4606 ( 34.39) 2709 ( 30.32) 442 ( 35.28) 684 ( 39.06) 771 ( 52.99) < .01 

Outcome 
Mortality, n ( %) 903 ( 6.74) 202 ( 2.26) 213 ( 17.0) 125 ( 7.14) 363 ( 24.95) < .01 
Length of stay ( days) 21.74 ± 15.72 20.86 ± 13.33 17.75 ± 20.95 24.13 ± 13.52 27.7 ± 22.93 < .01 

P values < .05 were considered statistically significant and were calculated between the NKD group and the acute/subacute renal impairment groups. 
Results are presented as mean ± SD, n ( %) or median ( IQR) . 

SD: standard deviation; BMI: body mass index; SBP: systolic blood pressure; DBP: diastolic blood pressure; RBC: red blood cell; WBC: white blood cell; ALT: alanine 
transaminase; GGT: gamma-glutamyl transferase; ADA: adenosine deaminase; AST: aspartate transaminase; HDL: high-density lipoprotein; LDL: low-density lipopro- 
tein; UA: uric acid; ALP: alkaline phosphatase; COPD: chronic obstructive pulmonary disease; ICH: Intracranial hemorrhage; DM: diabetes mellitus; HUA: hyperuricemia; 

ACS: acute coronary syndrome; CHD: coronary heart disease; ACEI: angiotensin-converting enzyme inhibitor; ARB: angiotensin receptor blocker; CCB: calcium channel 
blocker; PPIs: proton pump inhibitors. 
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radient boosting machine ( LGBM) as the base classifier for RFE 
nd performed feature selection on the training set. This process
as implemented using the “RFE”module in Python 3.10. 

odel development and evaluation 

e engineered predictive models for AKD, AKI and mortality.
cikit-learn ( https://github.com/scikit-learn/scikitlearn) pack- 
ge was used to build models including logistic regression ( LR) ,
upport vector machine ( SVM) , random forest ( RF) , naive bayes 
 NB) , k-nearest neighbor ( KNN) , multi-layer perceptron ( MLP) ,
radient boosting machine ( GBM) and LGBM. In the realm of 
L, a diverse array of algorithms has been employed to address
omplex predictive tasks. Among these, tree-based models such 
s RF, GBM and LGBM have garnered significant attention [15 ].
F employs an ensemble of decision trees to average predic-
ions, effectively reducing overfitting and variance. Conversely,
GBM and GBM incrementally develop trees through successive 
oosting iterations [16 ]. LGBM is particularly distinguished for 
ts adept handling of large-scale and complex datasets, under- 
inned by its fast training capabilities and efficient data process-
ng mechanisms [17 ]. LR offers a traditional, yet robust model
or binary classification, widely appreciated for its interpretabil- 
ty [18 ]. SVM excels in high-dimensional spaces by finding the
ptimal hyperplane for classification [19 ]. MLP, a fundamental 
eural network, captures complex patterns through its layered 
tructure [20 ]. KNN classifies samples based on the majority
lass among its closest neighbors, embodying simplicity and ef- 
ectiveness [21 ]. Lastly, NB classifier based on Bayes’ Theorem,
ssumes feature independence. This simple yet powerful as- 
umption enables NB to perform effectively, especially in high- 
imensional datasets [22 ]. These algorithms, with their distinct 
apabilities, form a robust toolkit for complex predictive model- 
ng tasks. 

The data were divided, with 80% utilized for training and 20%
or testing. Grid search method with 10-fold cross-validation was 
sed in the training set to prevent overfitting and to identify the
ptimal hyperparameters for each model. To address the dis- 
arity in the distribution of positive and negative samples, we
mplemented a strategy of class weight adjustment during the 
raining phase of the ML model [23 ]. 
The performance of our predictive models was further eval-
ated on the test set, focusing on their discriminative ability
nd clinical utility. Discrimination was evaluated using several
etrics, including: AUC, which measures the model’s ability to
istinguish between positive and negative outcomes [24 ]; sen-
itivity, which assesses the model’s ability to correctly iden-
ify positive cases; specificity, which measures the model’s abil-
ty to correctly identify negative cases; recall, which indicates
he proportion of actual positives correctly identified; accu-
acy, which represents the overall proportion of correct predic-
ions; F1 score, the harmonic mean of precision and recall; Brier
core, which evaluates the accuracy of probabilistic predictions;
nd Matthews correlation coefficient ( MCC) , a balanced metric 
hat takes into account both true and false positives and neg-
tives. For clinical applicability, decision curve analysis ( DCA) 
as employed, which calculated the net benefit of the final
odel by contrasting the predicted benefits against the expected

isks associated with the outcomes [25 ]. Furthermore, the per-
ormance of the final model was showed through precision-
ecall ( PR) curves, Kolmogorov–Smirnov ( KS) plots and confusion 
atrix. 

odel interpretation 

HAP method was designed to address the “black box” issue in
rediction models by providing a means to rank the importance
f input features and explain model results [11 , 26 ]. SHAP values
re derived from cooperative game theory, where each feature
s considered as a “player” contributing to the prediction out-
ome. This method offers both global and local explanations.
lobally, SHAP values provide consistent attribution scores for
ach feature, revealing the overall influence of features on the
odel’s predictions. Locally, SHAP values explain the contribu-

ion of each feature to specific predictions for individual cases,
hus improving the interpretability of the model. Higher SHAP
alues indicate that a feature has a larger impact on the pre-
icted outcome, either by increasing or decreasing the probabil-
ty of a certain prediction. The SHAP method was implemented
sing the Python shap package. 

https://github.com/scikit-learn/scikitlearn
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Figure 2: The RFE method was used for feature selection, displaying the AUC 
variations with the number of features for the LGBM model in predicting three 

different outcomes. ( A) The AUC corresponding to the number of features in- 
cluded in LGBM for predicting AKD. ( B) The AUC corresponding to the number of 
features included in LGBM for predicting AKI. ( C) The AUC corresponding to the 

number of features included in LGBM for predicting mortality. 
nline prediction website 

e developed an online risk calculator using the Streamlit 
ython framework, incorporating the model with the optimal 
et of features. Once the relevant feature values are input,
he website can predict the probability of AKD and mortality.
his tool showcases the practical application of our research 
n a clinical setting and can additionally be used for external 
alidation. 

ubgroup analysis 

iven that patients with AKD stages 2–3 may have worse prog- 
oses compared with the overall AKD population, we indepen- 
ently developed a ML prediction model specifically for AKD 

tages 2–3 and validated its predictive performance. 

tatistical analysis 

ariables with > 15% missing values were excluded from the 
nalysis. For those with < 15% missing data, the Multivariate Im- 
utation by Chained Equations ( MICE) algorithm was applied 
or imputation [27 ]. Utilizing LR to compute the required sam- 
le size with mortality as the outcome, we ascertained that a 
inimum of 2101 patients is essential to achieve a statistical 
ower of 90% for the detection of an effect size of 0.10 at a two-
ided significance level ( α) of 0.05. Continuous variables were 
resented as mean with standard deviation, or median with in- 
erquartile range, and compared using the independent-sample 
 test or Wilcoxon rank-sum test. Categorical variables were re- 
orted as counts and percentages and compared using the Chi- 
quare test. All statistical analyses were performed using Python 
ersion 3.10.11, R version 4.3.1 and SPSS version 25.0. A two- 
ailed P -value of < .05 was deemed statistically significant. 

ESULTS 

atient characteristics 

 retrospective review of medical records encompassed 21 964 
atients at risk of malnutrition, of whom 13 395 were selected 
or further analysis ( Fig. 1 ) . Table 1 presents the baseline 
haracteristics of the study population. The incidence rates 
f AKI, AKD and mortality were 20.22% ( 2708/13 395) , 23.93% 

 3206/13 395) and 6.74% ( 903/13 395) , respectively. In total, 4459 
atients ( 33.29%) developed acute/subacute kidney dysfunction,
ith 1751 ( 13.07%) developing subacute AKD, 1253 ( 9.35%) 
ecovering from AKI, and 1455 ( 10.86%) meeting both AKI and 
KD criteria. In summary, the acute/subacute renal impairment 
roup exhibited statistically significant differences in baseline 
aboratory tests, including Scr, glucose, lipid profiles and uric 
cid, compared with the NKD group ( P < .01) . Additionally,
ignificant differences were observed between the two groups 
n outcome variables such as mortality and length of hospital 
tay ( P < .01) . 

eature selection and model performance 

 comprehensive set of 60 features were included as pre- 
ictor variables. Eight ML models were developed to pre- 
ict AKD occurrence in patients at risk of malnutrition using 
ll available feature. Among these models, the LGBM model 
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Figure 3: Performance of eight ML models for different outcomes with selected features. ( A) ROC curves for AKD prediction. ( B) ROC curves for AKI prediction. ( C) ROC 
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emonstrated the highest efficacy in predicting AKD, achieving 
n AUC of 0.778. The performance metrics of these eight ML
odels in predicting AKD were comprehensively summarized 

n Supplementary data, Table S1. Notably , the LGBM model ex- 
ibited the highest AUC, F1 score and MCC, indicating its abil-
ty to accurately predict the occurrence of AKD in patients with
alnutrition. Therefore, LGBM emerged as the optimal model 

or AKD prediction. Similarly, we have developed ML models for
oth AKI and mortality prediction. The LGBM models for AKI
nd mortality, utilizing all features, achieved AUCs of 0.814 and
.892, respectively, which were the best performances among 
ll models. Therefore, the LGBM algorithm was also identified 
s the optimal model for predicting both AKI and mortality
 Supplementary data, Table S2 and S3) . 

Given LGBM’s superior performance, we subsequently con- 
ucted a feature selection process specifically within the LGBM 

odel framework. Optimize feature selection by performing RFE 
o identify the most predictive subset of features for enhancing
odel performance. Figure 2 displays the feature selection re- 
ults of the LGBM model in predicting three different outcomes.
he model used 12, 15 and 12 features for predicting AKD, AKI
nd mortality, respectively, achieving a high AUC while minimiz- 
ng computational processes and enhancing the efficiency of the 
redictive model. 
After filtering the indicators, we reconstructed a streamlined 

odel to facilitate practical application. For the prediction of 
KD, the ROC curves for each model are displayed in Fig. 3 A. The
GBM model stood out with the highest AUC of 0.763 ( Table 2 ) .
ollowing LGBM, the models, in descending order of AUC, were
BM, LR, NB, SVM, RF, KNN and MLP, with respective AUCs of
.745, 0.744, 0.736, 0.727, 0.712, 0.571 and 0.500, with the MLP
odel scoring the lowest. Furthermore, the KS plot and PR curve
emonstrated that the model exhibited satisfactory classifica- 
ion capabilities and maintained a favorable balance between 
recision and recall ( Supplementary data, Fig. S1) . To assess 
he clinical relevance of the top-performing LGBM model, we 
resented its DCA curve in Supplementary data, Fig. S1C, which 
uggested favorable clinical utility. 

The LGBM model achieved the highest AUC for both AKI
 0.801) and mortality ( 0.881) predictions, as shown in Fig. 3 B and 
. The evaluation metrics of the model constructed after filter-
ng indicators are provided in Supplementary data, Tables S4
nd S5. DCA curves ( Supplementary data, Figs S2C and S3C) con- 
A  
rmed its clinical utility. The supplementary materials summa-
ized performance metrics, and additional evaluations like KS
lots and PR curves demonstrated robust classification capabili-
ies, highlighting the model’s reliability in practical applications.

odel interpretation 

he SHAP summary plot ( Fig. 4 A) highlighted the contributions
f each feature to the model’s predictions for AKD. The top five
eatures associated with AKD included AKI stage, lactate dehy-
rogenase ( LDH) , albumin, aspirin usage and Scr. Among these,
KI stage showed the highest influence, with more severe stages
ignificantly increasing the likelihood of AKD, underscoring the
rogression of kidney injury as a critical determinant. The SHAP
nteraction plot ( Supplementary data, Fig. S4) visually clarified 
he interplays among these features within the AKD model.
HAP dependence plots ( Supplementary data, Fig. S5) facilitated 
he understanding of how individual features influenced the
odel’s output while simultaneously showing the relationship 
etween two features. Furthermore, local explanations provided 
nsights into how specific features contributed to individual pre-
ictions. The force plots depicted the personalized prediction
rocesses for two representative patients ( Fig. 4 C and D) . The
ases depicted in decision plots ( Supplementary data, Fig. S6) 
emonstrate patients who share similar predicted probabilities,
et their underlying feature compositions leading to these pre-
ictions vary. 
The SHAP method was also applied to the AKI and mor-

ality models, with detailed results provided in the supple-
entary files. In the AKI model, Scr emerged as the pre-
ominant contributing factor, consistent with expectations 
 Supplementary data, Fig. S7) . In the mortality model, the 
trajectory” variable ranked second in terms of significance 
 Supplementary data, Fig. S8) . Increasing grades of the “trajec- 
ory” were associated with higher SHAP values, indicating ele-
ated mortality risk. This underscores the substantial influence
f kidney injury trajectory on survival outcomes among patients
t risk of malnutrition.

ubgroup analysis 

he LGBM model demonstrated robust predictive accuracy for
KD stages 2–3, achieving an AUC of 0.806 in the test set

https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfaf080#supplementary-data
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 Supplementary data, Fig. S9) . This indicated the model’s en- 
anced capability in predicting more severe cases of AKD, which 
as crucial to improve patient outcomes. 

nline prediction website 

mploying LGBM for AKD and mortality prediction, we have 
reated an artificial intelligence ( AI) -driven web application 
ithin the Streamlit framework. Limiting the model to the 
umber of features selected by RFE did not significantly 
iminish its predictive performance; instead, it optimized 
oth the F1 score and MCC. The calculator is accessible at 
treamlit (lumos-design-app-app-rqm8wh.streamlit.app), and 
s specifically designed for practical application in clinical set- 
ings. Healthcare providers can input relevant patient data 
o instantly generate risk estimations, enabling real-time as- 
essment and personalized clinical decision-making. By of- 
ering a user-friendly interface and rapid computation, this 
alculator empowers clinicians to make timely, evidence- 
ased decisions, ultimately improving patient management and 
utcomes. 

ISCUSSION 

o the best of our knowledge, our study is the first to establish ML
odels for AKD, AKI and mortality in patients at risk of malnu- 

rition identified through the NRS-2002, offering valuable tools 
or risk assessment and clinical decision-making. This retro- 
pective cohort study involved the development and validation 
f ML algorithms to predict AKD, AKI and mortality among this 
ulnerable population. Among the various algorithms tested, the 
GBM algorithm demonstrated the highest discrimination capa- 
ility for all three outcomes. To enhance the interpretability of 
he “black box” model, we utilized diverse SHAP plots at both 
lobal and local levels. Moreover, we created an AI-driven web 
pplication based on the LGBM model, designed to predict AKI,
KD and mortality in patients at risk of malnutrition, facilitating 
arly prediction and intervention. 

Several investigations have explored the relationship be- 
ween malnutrition and AKI, establishing a significant link be- 
ween nutritional status and patient prognosis. For instance,
un et al . found that poor preoperative nutritional status was 
ssociated with an increased risk of postoperative AKI [28 ]. Sim- 
larly, Yu et al . identified that the risk of malnutrition, assessed
sing NRS-2002, was effective in identifying high-risk patients 
ith AKI and predicting mortality [29 ]. Li et al . further illustrated
hat malnutrition not only heightens the risk of developing AKI,
ut also worsens patient outcomes [4 ]. Yamaguchi et al . found 
hat patients with NKD, AKI and CKD demonstrated an associ- 
tion between malnutrition and increased mortality [30 ]. Build- 
ng on these findings, and currently lacking research on the in- 
idence rates and risk assessment of AKI, AKD and mortality 
mong malnourished populations, our study aims to fill this gap,
ith the goal of informing clinical decision-making and improv- 

ng patient prognosis. 
It is worth emphasizing that in predicting mortality, we incor- 

orated the renal function trajectory variable into our mortality 
rediction model. This underscores the importance of monitor- 
ng renal function trajectories from 7 to 90 days for prognosis.
he ADQI 16 report proposed definitions and classifications that 
ntegrate these stages to provide a comprehensive view of hypo- 
hetical trajectories of AKD [6 ]. According to the consensus, our 
tudy divided the population into four groups: NKD, transient 

https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfaf080#supplementary-data
https://lumos-design-app-app-rqm8wh.streamlit.app/
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Figure 4: SHAP summary plot, feature importance matrix plot and force plots of the final LGBM model for predicting AKD. ( A) The SHAP summary plot demonstrates 

the general importance of each feature in the LGBM model. The color bar on the right indicates the relative value of a feature in each case. Red dots indicate high values 
and blue dots indicate low values. The violin graph lining up on the midline is the aggregation of dots representing each case in the train set. The distance between 
the upper and lower margin of the violin graph represents the amount of the cases that end up with the same SHAP values offered by this feature. ( B) The importance 
ranking of selected features of the LGBM model. ( C , D) Force plots that illustrate the individualized prediction composition for two representative patients. The patient 

in ( C) has a mortality probability below 10%, while the patient in ( D) has a probability exceeding 90%. The base value represents the averaged predicted results. At the 
bottom of each plot, feature values and their corresponding names are listed. Categorical features including AKI stage and CHD were represented by 0 and 1, while “0”
means “No” and “1” means “Yes.” * LDH, lactate dehydrogenase; CHD, coronary heart disease; RBC, red blood cell count; GGT, gamma-glutamyl transferase. 
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KI, subacute AKD, and AKD with AKI, to study the dynamic
rajectories of renal function impairment. Analyzing the differ- 
nces in baseline characteristics, mortality rates and length of 
ospital stay among these four groups helps in understand- 
ng the continuum from acute to subacute kidney disease and
s useful for creating a unified variable that captures dynamic
hanges in kidney function. Moreover, the inclusion of these cat-
gories into a single trajectory variable can help in assessing the
mpact on clinical outcomes, such as mortality, as demonstrated 
n various population-based cohort studies [31 ]. This approach 
rovides a more holistic view of kidney disease progression and
ids in the development of more accurate predictive models for
atient outcome. 
In recent years, ML methods have been widely employed in

redicting AKI [32 –35 ]. However, there is comparatively limited
esearch on predicting AKD, particularly in patients at risk of
alnutrition. Li et al . employed the SVM algorithm to predict
arly prognosis in elderly patients with AKD [7 ]. Wang et al . de-
eloped ML models, including LGBM, to assist in diagnosing mal-
utrition [9 ]. LGBM outperforms traditional regression models
y providing higher accuracy, faster training times, and better
andling of large datasets, making it a more effective tool for
linical applications. In our investigation, we expanded upon
his approach by comparing various ML algorithms using rig-
rous metrics such as AUC, F1 scores and others. Notably, our
tudy revealed that LGBM consistently outperformed other mod-
ls in predicting nutritional status. Moreover, the application of
L techniques in nutritional assessment opens new avenues for
nderstanding complex health outcomes in malnourished pop- 
lations. Currently, there is a notable absence of studies utiliz-
ng ML to assess the specific risks of AKI, AKD or mortality in
atients at risk of malnutrition, underscoring the novelty and
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mportance of our research endeavor in bridging this gap in the 
iterature. 

This study presents several crucial clinical implications. Ini- 
ially, it constitutes the first attempt to compare baseline char- 
cteristics and hospital mortality among three different renal 
unction trajectories post-injury. Secondly, we have successfully 
eveloped concise yet highly effective LGBM models for predict- 
ng AKD, AKI and mortality. Moreover, our approach involved a 
iverse array of SHAP plots to tackle the “black box” issue in 
isk assessment. The SHAP summary plot ranked features by 
heir importance, while SHAP force plots and decision plots illus- 
rated the variations in feature contributions for patients with 
imilar predicted outcomes, thus enhancing the personalization 
nd transparency of the decision-making process. Additionally,
o achieve a balance between model complexity and clinical rel- 
vance, we used the RFE method for feature selection, focusing 
n features that are readily accessible in standard clinical prac- 
ice. Furthermore, our models are designed for immediate clini- 
al application, highlighted by the development of a web-based 
isk calculator that evaluates the risk of AKD and mortality in 
atients at risk of malnutrition, offering physicians a valuable 
ool to improve decision-making. 

Our study encountered several limitations. Firstly, it was con- 
trained by a single-center design and lacked ethnic diversity,
otentially limiting the generalizability of our findings. Secondly,
he follow-up period was too brief to ascertain whether pa- 
ients developed CKD. Thirdly, while we relied on the NRS-2002 
ool to screen patients for nutritional risk, we did not incor- 
orate professional nutritional assessments to confirm malnu- 
rition. This reliance on a screening tool without subsequent 
valuation might have influenced the accuracy of our findings.
ourthly, our model’s performance in predicting AKD was rela- 
ively modest compared with its prediction of mortality, indicat- 
ng the need for further optimization of features and algorithms 
o improve accuracy. Additionally, it may also be due to some 
atients having sarcopenia. Assessing sarcopenia in every pa- 
ient is challenging in clinical practice, making it difficult to ex- 
lude this group, and this could lead to reduced creatinine lev- 
ls, potentially affecting the model’s predictive accuracy. Fifthly,
here is a potential for overfitting in ML models; however, we 
itigated this risk through feature selection with RFE and rig- 
rous validation, though the lack of external validation limits 
he model’s generalizability. Additionally, the retrospective na- 
ure of our data collection introduced potential recall and selec- 
ion biases. To address these challenges, future research should 
rioritize multi-center, prospective trials with diverse ethnic 
opulations, incorporate professional nutritional assessments,
nd explore higher-quality features and advanced algorithms.
his will validate and enhance the reliability of predictive mod- 
ls and improve the predictive performance of the AKD model.
dditionally, future studies should extend the follow-up period 
o better assess the development of CKD. 

ONCLUSIONS 

n conclusion, we developed LGBM models to forecast AKD,
KI and mortality at the time of admission, with the models 
or predicting AKI and mortality showing superior performance 
ompared with the AKD model, which warrants further im- 
rovement. Additionally, we created a web tool to assist in clini- 
al decision-making. For future research, we aim to conduct na- 
ionwide, multi-center trials with a diverse participant base, and 
o extend the follow-up period to better evaluate the progression 
f CKD. 

UPPLEMENTARY DATA 

upplementary data are available at Clinical Kidney Journal online .
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