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Abstract: In fact, SA-AKI is usually detected only when there are signs of renal impairment;
hence, little room remains for nurses to carry out prophylactic evaluation and intervention
measures in advance. Therefore, this investigation established a readily understandable,
nurse-centered model to predict early SA-AKI risks. External validation was then
performed. Finally, based on the model’s predictions, a ladder-type nursing response mode
was created accordingly. Then they used routinely recorded measurements taken during
their patients’ first 24 hours in the ICU to try to predict which of these individuals
developed new cases of SA-AKI sometime during their first 48 hours after entering the ICU.
They developed models using the elCU Collaborative Research Database (elCU) and
performed internal validation on this database alone. Then they externally validated their
models using two other datasets: the Medical Information Mart for Intensive Care IV
(MIMIC-1V) database and a cohort from the First Affiliated Hospital of Hainan Medical
University (FAH-HMU). There were four kinds of feature-selection approaches involved,
taken together. Nine types of machine-learning algorithm were fine-tuned by means of
Bayesian optimization and then compared. To explain what can be predicted by the last
model chosen, the method adopted was Shapley additive explanations. Regarding the
derivation of possible indicators from among candidates found while developing the model
itself, a two-stage Delphi consultation followed about their clinical value, whether nurses
could use them, and whether they fit easily with existing ways of working. It involved
15,767 patients from the elCU database, 12,842 subjects from MIMIC-1V, and 932 people
from the FAH-HMU group. Here too, the best results were found for the Extreme Gradient
Boosting algorithm: the area under the receiver operating characteristic curve was 0.798
(internal validation), 0.738 (MIMIC-1V), and 0.727 (institutional sample). There was also
good calibration, and decision-curve analysis provided additional reasons to advocate using
this method for early risk stratification. All fifteen experts answered both Delphi
questionnaires, and the authority coefficient value was 0.87. Delphi consensus retained nine
objective indicators and added capillary refill time as an additional nurse’s bedside
observation item. On this basis, three kinds of pathways according to high-, moderate-, and
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low-risk levels were set forth, along with specific requirements for monitoring, reevaluation,
and escalation, respectively. It produces a nursing response scheme consisting of
multicohort-validated and explainable risk prediction combined with expert consensus on
the levels of nursing activity required. Thus, a certain structure exists regarding what needs
to happen in terms of early detection of SA-AKI risk, bedside monitoring, and risk-based
nursing care in intensive-care practice.

1. Introduction

SA-AKI occurs quite often in people who are critically ill, but unfortunately its outcome is poor.
About 21.6% of hospitalized adults develop AKI during their hospital stay, while this proportion
rises to 40%-57.3% among ICU patients [1,2]. When AKI occurs together with sepsis, more renal
replacement therapies are needed, longer ICU stays and higher costs are observed, and mortality
also increases; moreover, even if patients survive, they remain at risk of developing CKD and
cardiovascular diseases later on [3,4]. Therefore, early detection of SA-AKI is important because
the kidneys may already have been injured even though diagnostic criteria have not yet been met.

It depends on what KDIGO means by serum creatinine and urine output [5]. Serum creatinine
may take time to increase and also varies according to muscle bulk, hydration, and sepsis-induced
shifts in metabolism. In theory, one could use urine output instead, but here again there are
problems. For example, fluid balance matters, as do diuretics, hemodynamics, and many other
causes unrelated to kidney function altogether. Therefore, ICU nurses are aware of creatinine values
and amounts of urine passed, along with vital signs, perfusion, oxygenation, fluid balance,
treatments received, and responses noted. They have no difficulty obtaining this type of information;
the real issue arises from having too much of it in too little space and needing to determine exactly
what everything taken collectively actually signifies at the present moment.

There is much more freedom in how machine-learning methods represent relationships among
EHR features compared to what is possible using fixed scoring algorithms such as APACHE I,
SOFA, and SAPS Il [6-8]. Some success has been reported in predicting AKI by gradient-boosting
machines, and SHAP may provide useful information about which features drove particular
predictions [9-13]. But discrimination alone does not suffice if there is to be clinical value; external
validity, calibration, decision-analytic benefit, intelligibility, and ease of integration into nursing
practice all need attention as well [14,15].

And here we coupled model development with clinical translation. That is, models were trained
on one multicentre ICU database and tested on two others; then came SHAP analysis, followed by
two rounds of Delphi consultation where experts rated items according to certain criteria (clinical
relevance, nursing feasibility, workflow fit). In this way they hoped to reach three goals: first, to
determine a patient's chances of developing SA-AKI later (“"before” the outcome window); second,
to identify the measurements responsible for producing this degree of risk; third, to suggest what
kind of nursing response might suit each situation ("proportionate™ responses). Finally, they wished
to present their result as an aid to decision-making about monitoring patients and escalating care,
not as a machine that makes diagnoses by itself.

2. Materials and Methods

2.1 Design, Data Sources, and Participants
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A multiphase mixed-methods design was used. Phase one comprised retrospective model
development, internal validation, external validation, and interpretation. Phase two used Delphi
consensus to refine the model-derived features and formulate a nursing response pathway.

The elCU Collaborative Research Database (elCU) was used for development and internal
validation [16]. External validation used the Medical Information Mart for Intensive Care IV
(MIMIC-1V), version 3.0 [17], and the First Affiliated Hospital of Hainan Medical University
(FAH-HMU) intensive care unit (ICU) cohort (2021-2024). Eligible patients were adults in their
first ICU admission who met Sepsis-3 criteria within 24 hours, stayed at least 48 hours, and had
sufficient data to define the outcome and predictors [18]. We excluded pre-existing end-stage renal
disease, chronic renal replacement therapy, kidney transplantation, and acute kidney injury present
on admission or during the first 24 hours.

2.2 Outcome and Predictors

The primary outcome was new SA-AKI of any KDIGO stage during hours 24-48 after ICU
admission [5]. It was present when creatinine increased by at least 0.3 mg/dL within 48 hours,
reached 1.5 times baseline, or urine output remained below 0.5 mL/kg/h for at least six consecutive
hours. Baseline creatinine was the lowest value in the preceding seven days when available;
otherwise, the admission value was used.

Candidate predictors were measured during the first 24 hours and included demographics,
vital-sign summaries, blood gas and laboratory results, comorbidities, SOFA and other severity
measures, mechanical ventilation, vasopressor and diuretic exposure, fluid input, and urine output.
Elixhauser comorbidities were derived from diagnostic codes [19]. Variables were mapped across
databases and converted to common units. Records or variables beyond prespecified missingness
limits were removed; remaining values were imputed by chained equations using random-forest
models [20,21].

2.3 Feature Selection, Modeling, and Interpretation

Four procedures were carried out on the whole elCU training set: LASSO stability selection [22],
Boruta [23], recursive feature elimination with cross-validation (RFE-CV) [24], and stepwise
regression based on the Akaike information criterion [22—24]. A variable then joined the final group
if three or more methods selected it among their outputs. By using votes among methods instead of
relying on a single method, some flexibility was built into the scheme.

There were nine algorithms altogether: logistic regression, random forest, support vector
machine (SVM), Extreme Gradient Boosting (XGBoost), Light Gradient Boosting Machine
(LightGBM), multilayer perceptron (MLP), AdaBoost, CatBoost, and explainable boosting machine
(EBM) [9,25-27]; there was also Bayesian optimization with five-fold cross-validation restricted to
the training portion of elCU [28]. Selected settings were then tested on the remainder of elCU and,
without retraining, also on MIMIC-1V and FAH-HMU.

There was evaluation concerning discrimination, calibration, and clinical usefulness. For this
reason, we computed the values of AUC, Brier score, accuracy, sensitivity, specificity, PPV, NPV,
and F1-score. Calibration curves showed relations between predicted and actual probabilities;
decision curve analysis yielded information about net benefit at various threshold probabilities [29].
SHAP revealed which variables contributed most overall, what their signs were, and also allowed us
to examine specific cases. In addition, we determined the top predictors according to both XGBoost
and LightGBM [12,13]. Finally, partial dependence plots helped to detect any possible
nonlinearities.
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2.4 Delphi Consultation and Statistics

Then came two rounds of electronic Delphi procedures according to model interpretation [30].
Purposive sampling identified ICU nurses, nursing educators, nursing researchers, critical-care
physicians, or emergency physicians who had more than five years’ relevant experience and held
either an associate senior title or a master’s degree. They rated clinical importance, nursing
feasibility, and workflow applicability on five-point Likert scales and also wrote comments. A
subsequent round allowed participants to learn what others thought about these issues and to
respond again after seeing the changes made to features and responses based on their own
comments. Because the study concerned clinical decision support [31], consultation followed
published advice concerning the use of the method [32].

Preliminary consensus required a mean importance score of at least 4.0 and a coefficient of
variation below 0.25. Round-two retention required a mean of at least 4.0 and a coefficient of
variation below 0.20. Expert authority was the mean of judgment and familiarity coefficients;
Kendall’s W assessed concordance. Continuous variables were summarized as mean (standard
deviation) or median (interquartile range), and categorical variables as n (%). Between-group tests
were selected according to distribution and cell size. Statistical tests were two-sided. Generative Al
tools were not used for data extraction, feature selection, model training, statistical analysis, or
Delphi procedures; their use in manuscript preparation is disclosed in the Al Use Statement.

2.5 Ethics

The public databases contain de-identified records and were accessed after required training and
data-use agreements [16,17]. The Ethics Committee of the First Affiliated Hospital of Hainan
Medical University approved the FAH-HMU analysis (2026-KYL-021) and waived individual
consent for the retrospective, de-identified cohort. Delphi participation was voluntary and responses
were summarized at group level.

3. Results

3.1 Cohorts and Baseline Characteristics

Inclusion criteria

« Age between 18 and 90 years.
« First ICU admission.
+ ICU stay >48 hours.

Exclusion criteria

«  Prior receipt of RRT or AK| diagnosis before

ICU admission,

+ Pre-existing severe chronic kidney disease
* Missing data on AKI diagnosis.
«  QOver 30% missing data.

MIMIC-IV v3.0
Patients diagnosed with
Sepsis 3.0 (n=41,295)

Patients meeting inclusion
criteria (n=17,240)

elCU-CRD v2.0
Patients diagnosed with
Sepsis 3.0 (n=48,699)

FAH-HMU ICU
Patients diagnosed with
Sepsis 3.0 ( n=984)

Patients meeting inclusion
criteria (n=20,644)

Patients meeting inclusion
criteria (n=943)

Final study population

(n=12,842)

Final study population

(n=15,767)

—

Final study population
(n=932)

No AKI AKI
(n=3051) (n=9791)

No AKI AKI
(n=0666) (n=6101)

C

No AKI AKI
(n=213) (n=719)

Figure 1. Patient selection in the elCU, MIMIC-1V, and FAH-HMU ICU cohorts. Abbreviations:
AKI, acute kidney injury; elCU, elCU Collaborative Research Database; FAH-HMU, First
Affiliated Hospital of Hainan Medical University; ICU, intensive care unit; MIMIC-1V, Medical
Information Mart for Intensive Care IV.
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Uniform eligibility rules reduced 48,699 elCU Sepsis-3 admissions to 15,767 patients; 6,101
developed SA-AKI and 9,666 did not. MIMIC-1V contributed 12,842 of 41,295 screened
admissions (9,791 SA-AKI; 3,051 no SA-AKI). The FAH-HMU cohort contributed 932 of 984
admissions (719 SA-AKI; 213 no SA-AKI) (Figure 1). In elCU, patients who developed SA-AKI
were older and had lower urine output and blood pressure, higher lactate, creatinine, blood urea
nitrogen, and SOFA scores, and more frequent mechanical ventilation (Table 1).

Table 1. Selected baseline characteristics of the elCU cohort.

Characteristic No SA-AKI SA-AKI p value
(n =9,666) (n=6,101)

Age (years) 62.5 (16.3) 64.6 (15.2) <0.001
Urine Output (mL) 2040 (1330) 1220 (1210) <0.001
Ventilation 2946 (30.5%) 2145 (35.2%) <0.001
Maximum Temperature (°C) 38.2 (0.51) 39.4 (0.65) 0.00183
Minimum Systolic Blood Pressure 88.1 (19.7) 83.2 (19.4) <0.001
(mmHg)
Minimum Mean Blood Pressure 60.1 (13.6) 56.3 (13.4) <0.001
(mmHg)
Oxygenation Index 1750 (4990) 1650 (4920) <0.001
Phosphate (mg/dL) 3.43 (1.10) 3.85 (1.44) <0.001
Lactate (mmol/L) 2.62 (2.05) 3.30 (2.83) <0.001
Blood Urea Nitrogen (mg/dL) 29.6 (24.0) 34.3 (24.8) <0.001
Creatinine (mg/dL) 1.41 (1.27) 1.86 (1.63) <0.001
Total Bilirubin (mg/dL) 1.09 (1.76) 1.50 (2.77) <0.001
Aspartate Aminotransferase (U/L) 111 (403) 229 (1000) <0.001
SOFA Score 5.93 (2.83) 7.06 (3.07) <0.001

Note. Values are mean (SD) or n (%). The table reports prespecified clinically relevant
characteristics; the model used the complete harmonized candidate set. SA-AKI, sepsis-associated
acute kidney injury; SD, standard deviation; SOFA, Sequential Organ Failure Assessment.

3.2 Feature Selection

Sorted Feature Ranking Distribution by Boruta Feature Importance and AUC Performance by RFE-CV
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Figure 2. Feature-selection diagnostics: (a) Boruta importance ranking; (b) recursive feature
elimination with cross-validation (RFE-CV); (c) least absolute shrinkage and selection operator
(LASSO) stability selection; and (d) overlap across the four selection procedures.

Table 2. Stepwise regression feature-selection results across forward, backward, and bidirectional

procedures.
Feature Forward Backward Bidirectional  Vote count
Anion gap TRUE TRUE TRUE 3
Arrhythmias TRUE TRUE TRUE 3
Total bilirubin TRUE TRUE TRUE 3
BUN TRUE TRUE TRUE 3
Cerebrovascular disease TRUE TRUE TRUE 3
Congestive heart failure TRUE TRUE TRUE 3
Creatinine TRUE TRUE TRUE 3
Diabetes TRUE TRUE TRUE 3
Nephrotoxic score TRUE TRUE TRUE 3
Malignant cancer TRUE TRUE TRUE 3
Mechanical ventilation TRUE TRUE TRUE 3
Urine output TRUE TRUE TRUE 3
ol TRUE TRUE TRUE 3
Phosphate TRUE TRUE TRUE 3
RBC TRUE TRUE TRUE 3
PTT TRUE TRUE TRUE 3
RRT within 24 h TRUE TRUE TRUE 3
RDW TRUE TRUE TRUE 3
Severe liver disease TRUE TRUE TRUE 3
Maximum temperature TRUE TRUE TRUE 3
Lactate FALSE FALSE TRUE 1
Epinephrine exposure within 24 h FALSE FALSE TRUE 1
Platelets FALSE FALSE TRUE 1
Minimum MBP FALSE FALSE TRUE 1
Minimum SBP FALSE FALSE TRUE 1
Sodium FALSE FALSE TRUE 1

Note. TRUE indicates retention and FALSE indicates exclusion. ALP, alkaline phosphatase;
BUN, blood urea nitrogen; MBP, mean blood pressure; Ol, oxygenation index; PTT, partial
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thromboplastin time; RBC, red blood cell count; RDW, red cell distribution width; RRT, renal
replacement therapy; SBP, systolic blood pressure.

Boruta retained 29 variables, recursive feature elimination identified a 14-variable optimum,
stability selection retained 17 variables at a 90% probability cutoff, and the stepwise procedures
converged on 21 variables (Table 2). The four-method vote yielded 11 core features: blood urea
nitrogen (BUN), creatinine, oxygenation index (OI), phosphate, urine output, aspartate
aminotransferase (AST), lactate, partial pressure of carbon dioxide, stress hyperglycemia ratio
(SHR), total bilirubin, and maximum temperature (Figure 2).

3.3 Model Performance, Calibration, and Utility

Random forest attained the largest training AUC (0.934), yet it lost discrimination when
validated and thus appears overfitted. Some algorithms cluster together in obtaining nearly identical
AUCs near 0.80 for the elCU internal sample. XGBoost obtains an AUC of 0.798, a Brier score of
0.182, accuracy of 0.734, sensitivity of 0.716, specificity of 0.746, positive predictive value of
0.640, negative predictive value of 0.806, and an F1 score of 0.676. Therefore, XGBoost was
chosen for implementation because, although none of these metrics is best on every dataset or
measure, overall there seems to be a good balance among discrimination, sensitivity, calibration, net
benefit, and interpretability.

There was also some external AUC of XGBoost: 0.738 in MIMIC-1V and 0.727 in FAH-HMU
(Table 3). Although logistic regression took first place in two kinds of external cohorts, XGBoost
still achieved medium discrimination and produced intelligible reasons behind every prediction.
Decision curves looked good from about 20% to nearly 80% on the probability axis in each
validation sample. Internally, calibration was fairly near the diagonal, while the Brier value was
0.296; therefore, there might have been calibration problems caused by differences among
populations when transferred to MIMIC-1V (Figures 3 and 4).

Table 3. Then there is discrimination and calibration across validation cohorts.

elCU elICU  MIMIC-IV MIMIC-IV FAH-HMU FAH-HMU

Model AUC  Brier AUC Brier AUC Brier
Logistic Regression _ 0.7722 01989 0.7585 02639 07529 _ 0.2694
Random Forest 07984 01783 07327 03057 07197  0.3234
SVM 07899 01783 07412 03488 07046  0.3782
XGBoost 07981 01817 07375 02958 07266  0.3137
LightGBM 07962 01815 07336 03013 07150 03177
MLP 07935 01773 07529 03616 07348  0.3633
AdaBoost 07903  0.2346 07472 02534 07257  0.2559
CatBoost 07975 01816 07370 03068 07128  0.3205
EBM 07985 01743 07453 03551 07282  0.3725

Note. AUROC, short for AUC (area under the receiver operating characteristic curve); the
abbreviation “elCU” refers to “the elCU Collaborative Research Database,” while “FAH-HMU”
indicates “the First Affiliated Hospital of Hainan Medical University.” “MIMIC-IV” is an
abbreviation for “Medical Information Mart for Intensive Care IV.” EBM stands for explainable
boosting machine, MLP for multilayer perceptron, and SVM for support vector machine.
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Figure 3. Receiver operating characteristic (ROC) curves for the nine candidate models.
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3.4 Model Interpretation
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Figure 5. Then comes global and patient-level Shapley additive explanations (SHAP)
interpretation of the Extreme Gradient Boosting (XGBoost) model. Abbreviations: AST, aspartate
aminotransferase; BUN, blood urea nitrogen; Ol, oxygenation index, PCO:, partial pressure of
carbon dioxide; SHR, stress hyperglycemia ratio.
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Figure 6. Partial Dependence Plots for Some Important Continuous Predictors of SA-AKI Risk.
Abbreviations: AST, aspartate aminotransferase; BUN, blood urea nitrogen; Ol, oxygenation index;
PCO:, partial pressure of carbon dioxide; SHR, stress hyperglycemia ratio.
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In fact, urine output had the highest mean absolute SHAP value among all SHAP values.
Creatinine, phosphate, blood urea nitrogen, stress hyperglycemia ratio, aspartate aminotransferase,
total bilirubin, lactate, oxygenation index, partial pressure of carbon dioxide, and maximum
temperature were contributors. Smaller urine outputs and larger values of creatinine, phosphate,
blood urea nitrogen, and stress hyperglycemia ratio usually shifted prediction results toward
SA-AKI. Individual plots showed the specific outcomes for each patient (Figure 5).

There was some evidence of partial dependence on estimated risk from below roughly 1,500 mL
down to zero daily urine volume, whereupon there was probably more of a jump. There was also
likely greater risk above approximately 1.2 mg/dL serum creatinine and increasing levels of
phosphate and BUN (Figure 6). XGBoost and LightGBM had three out of five features in common;
namely, these were once again the top three predictors: urine output, creatinine, and lactate.
Therefore, although there is still room for considerable algorithmic difference, some recurrently
important clinical variables again seem to emerge.

3.5 Delphi Consensus and Nursing Response

In fact, all fifteen experts responded in both rounds (response rate = 100%). Of these, ICU
clinical nurses made up 66.7%, while 80.0% held an associate senior title or above; additionally,
80.0% had obtained a master’s degree or above, and 80.0% had more than ten years of work
experience. Their judgment coefficient was 0.88, and their familiarity coefficient was 0.86;
therefore, their authority coefficient was 0.87.

Phase 1 supported creatinine, BUN, lactate, urine output, oXygenation index, PaCO., total
bilirubin, and some selected inflammatory and metabolic measures. With further feedback, the final
package consisted of nine objective indicators plus CRT. Experts introduced CRT on their own
initiative as “one more thing” (something quickly done at the bedside) concerning perfusion (see
Table 4). They dropped phosphate because they could not obtain enough samples; they removed
SHR because they found this indicator hard to explain; finally, they excluded AG since someone
wanted to act upon it immediately. There was substantial agreement regarding feature weightings
(W =0.218, > =29.43, p <0.001); there was also considerable consensus about fitting into practice
routines (W = 0.241, y*> = 25.31, p < 0.001); moreover, they reached sufficient agreement
concerning the reaction system itself (W = 0.285, y*> = 34.20, p < 0.001).

Table 4. Delphi final consensus for the nursing early warning feature set.

Round 2 mean +

Category Indicator Type sD Cv
R(_ana_ll fu_nctlon and Creatinine Obje.Ct'\.'e clinical 498 £0.14 0.03
elimination indicator
R(_ena}l fu_nctlon and Urine output Obje_ctl\_/e clinical 493+026 0.05
elimination indicator
R(_ena}l fu_nctlon and Blood urea nitrogen Obje_ctl\_/e clinical 487 +035 0.07
elimination indicator
Perfusm_n and Lactate ObJe_ctl\_/e clinical 493 +0.26 0.05
metabolism indicator
Perfusion and Capillary refill time ~ NUrsing observation a5, 41 (09
metabolism indicator
Respiratory and Oxygenation index Obje_ctl\_/e clinical 440+ 063 0.14
acid-base status indicator
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Round 2 mean +

Category Indicator Type sD Ccv
Re_splratory and Partial pressure of Obje_ctl\_/e clinical 447 + 051 0.11
acid-base status carbon dioxide indicator
I_nflammat_lon and Maximum body Obje_ctl\_/e clinical 413 + 0.52 0.12
liver function temperature indicator
I_r1f|ammat!0n and 'Aspartate ObJe_ctl\_/e clinical 407 +0.59 0.14
liver function aminotransferase indicator
Inflammation and Total bilirubin Objective clinical - 1y, 065 0.16
liver function indicator

Note.

CV, coefficient of variation; SD, standard deviation.

‘Objective’ refers to an

electronically recorded clinical measure; capillary refill time is a bedside finding made by nurses.

It advised assessing once per nursing shift and having a fixed display location within the nursing
electronic record. This display will show what tier someone is in, the variables that contributed
most to making this calculation, their recent trends, and reference ranges (Figure 7). Being high-risk
means there is a need for close monitoring, checking whether urine output was confirmed,
reviewing inputs and outputs and perfusion parameters more frequently, and acting early if there
appear to be problems that require a doctor’s attention, etc.; being moderate-risk demands
prioritized trend review and intensified observation; low-risk persons continue routine monitoring

with reassessment for movement between tiers (Figure 7).

[ -@ Model predictinnJ = { :A_ Risk level } -p [Q Main contributing lacturs] =S [ GD Nursing response }

Risk score 0,72 ‘
L -
A

Interpretable
ML prediction

S \

High risk

~

Enhanced monitoring
Verify urine output

Increase intake/output and
vital-sign monitoring

Focused perfusion assessment

Urgent physician communication

* Low urine output
* T Creatinine / BUN [ |
* 1T Lactate E
+ .l Oxygenation index °
* Abnormal PaCO; T
= Prolonged CRT ‘.
Fa— e — — e

®

.

Mild decline in urine output

o
 §

.

Rising creatinine or BUN

(A

_r\f

Rising lactate or temperature

.

Borderline oxygenation changes

Low risk

L A

— ~

Stable urine output

Stable renal/metabolic indicators

M ) [

.

No major trend deterioration

r

» Priority observation

" Trend review

Strengthen monitoring of
key contributors
Reassess during current shift

Standardized documentation
and handover

Routine monitoring
Continue dynamic reassessment

Maintain standard decumentation
J

Core indicators: creatinine, urine output, BUN, lactate. PaCO;, oxygenation index, maximum temperature, AST, total bilirubin, capillary refill time (CRT).

Figure 7.  Shifting displays and stepwise nursing responses according to SA-AKI risk stratification

Abbreviations: AST indicates aspartate aminotransferase; BUN indicates blood urea nitrogen; CRT

indicates capillary refill time; ML indicates machine learning; Ol indicates oxygenation index;
PaCO: indicates partial pressure of arterial carbon dioxide

4. Discussion

4.1 Main Findings

It was thus possible to link together three kinds of work that are frequently reported separately:

prediction, explanation, and clinical translation. XGBoost gave moderately good and fairly constant
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discrimination throughout one internal sample and two external samples, although logistic
regression had the largest external AUCs. Choices were made on the basis of the entire performance
profile and also on grounds of explaining individual predictions, not merely by asserting that one
model worked best overall. The proposed use is early risk stratification before KDIGO criteria are
fully expressed.

It is thus presented as SA-AKI multisystem dysfunction. Urine output, creatinine, and blood urea
nitrogen refer to renal clearance; lactate and capillary refill time concern perfusion; oxygenation
index and carbon dioxide relate to respiration and acid-base balance; temperature, aspartate
aminotransferase, and bilirubin point to signs of inflammation and liver involvement. Some changes
occurred between the algorithmic list derived by design and what finally emerged from Delphi
deliberations. In one case, phosphate proved to be a good predictor but then had to be removed
because some members questioned whether they could measure it often enough or knew what
nurses should actually do if values were abnormal. For another indicator, capillary refill time,
precisely the reverse happened. Although absent among the items recorded in a structured fashion
for model-building purposes, it was reinstated for exactly this reason: nurses can obtain these
numbers quickly at the patient's bedside.

4.2 Clinical Interpretation and Nursing Use

That is why attention needs to be paid to the nonlinearity of the urine-output relation. In fact, this
applies generally: there is no reason to treat totals in isolation as if they were set once and for all by
some fixed administration policy. They need to be followed along with fluid inputs, modifications
of vasopressors, measures relating to perfusion and metabolism, and everything else. As mentioned
above, creatinine entered into the diagnosis, but inside the model it participated in making up a
changing picture instead of serving alone beyond a certain level [5]. Obviously, care must be taken
in practice not to produce too many messages, since these can lead to warning apathy [33]. Both
lactic acid levels and capillary-refill times provide alternative ways of examining systemic and
peripheral perfusion. However, they cannot capture the whole picture of hemodynamics. That was
demonstrated when treating septic-shock patients according to guidelines [34].

Explanation might also make escalation itself more worthwhile. Here is one possible picture.
There is some estimated risk, along with falling urine output, rising creatinine, and increased lactate.
Thus there is something definite to raise. Then comes consideration of hemodynamics, nephrotoxic
exposure, whether tests need repeating, and what renal support options exist, depending on exactly
what has happened clinically. Again, this kind of help resembles the provision of appropriate
information “just in time” mentioned above as part of CDS [31].

Panel preference was for shift-based display over repeated real-time notifications, on the grounds
that such a timetable satisfies handovers and set times for reconsideration without creating yet
another cause of alarm fatigue [33], and response levels prescribe some minimal activity without
telling people what they have to do; novices get specific instructions to follow, and more
knowledgeable nurses modify this process according to their judgment about patients’ conditions
generally. The relationship between algorithm and health-care provider is supposed to produce
improvement rather than replacement [35].

4.3 Strengths and Limitations

Advantages consist of multicenter development and external testing in an international database
as well as in a Chinese institutional cohort; examination of nine algorithms; attention to issues
beyond AUC; SHAP interpretation at cohort and individual levels; Delphi consultation about
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whether nurses can actually implement what the models propose; and continuation of the study
beyond mere prediction to consideration of exactly what happens next in practice.

Several problems still need attention. First, retrospective structured records carry their own
problems of measurement error, coding differences, residual confounding, and missing nursing
context. Second, there were no free-text notes or serial bedside observations available. Third,
performance varied among cohorts, as did calibration; thus, local recalibration may be necessary.
Fourth, the Delphi panel was small and mainly drawn from Chinese institutions; its
recommendations may not transfer unchanged to other staffing models or electronic records. Fifth,
the response framework has not been prospectively tested for recognition time, SA-AKI incidence,
workload, alarm fatigue, renal replacement therapy, or patient outcomes. Sixth, model drift is also
possible as sepsis care and documentation change. Therefore, before any decision about routine
adoption, more research will probably first need to occur. In particular, further trials should initially
take place in several sites simultaneously, along with tests of ease of use, performance
measurements, and systematic collection of nursing observations. [36]

5. Conclusion

Thereupon, an interpretable model to predict SA-AKI probability throughout the first 24 hours of
intensive care itself arose; it then underwent testing in two separate groups. XGBoost yielded
satisfactory discrimination together with an intelligible risk picture; Delphi agreement turned
model-based features into nine clear-cut signs plus one measurement value concerning
capillary-refill time divided among three kinds of nurse reaction. In summary, therefore, there
appears here something that can serve as a foundation for surveillance and stepping up treatment,
although it does not amount to a diagnostic guideline by itself, nor does anything yet indicate
whether this scheme will change what nurses end up doing or benefit patients.
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