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ABSTRACT

Background: Perioperative acute kidney injury (AKI) is challenging to predict and a common complication of
lower limb arthroplasties. Our aim was to create a machine learning model to predict AKI defined by both serum
creatinine (sCr) levels and urine output (UOP) and to investigate which features are important for building the
model. The features were divided into preoperative, intraoperative, and postoperative feature sets.

Methods: This retrospective, register-based study assessed 648 patients who underwent primary knee or hip
replacement at Oulu University Hospital, Finland, between January 2016 and February 2017. The RUSBoost
algorithm was chosen to establish the models, and it was compared to Naive/Kernel Bayes and support vector
machine (SVM). Models of AKI classified by either sCr levels or UOP were established. All the models were
trained and validated using a five-fold cross-validation approach. An external test set was not available at the
time of this study.

Results: The performance of both the sCr level- and UOP-based AKI models improved when pre-, intra-, and
postoperative features were used together. The best sCr level-based AKI model performed as follows: area under
receiving operating characteristic (AUROC) of 0.91, (95% CI + 0.02), area under precision-recall (AUPR) of 0.35
(95% CI =+ 0.04) sensitivity of 0.88 (95% CI + 0.03), specificity of 0.87 (95% CI + 0.03), and precision o (95% CI
=+ 0.03). This model correctly classified 22 out of 25 patients with AKI. The best UOP-based AKI model performed
as follows: AUROC of 0.98 (95% CI + 0.02), AUPR of 0.48 (95% CI + 0.04), sensitivity of 0.88 (95% CI + 0.02),
specificity of 0.93 (95% CI + 0.03), and precision of 0.34 (95% CI + 0.04). This model correctly classified 23 out
of 26 patients with AKI. In the sCr-AKI models, estimated glomerular filtration rate (eGFR)-related features were
most important, and in the UOP-based AKI models, UOP-related features were most important. Other important
and recurring features in the models were age, sex, body mass index, ASA status, operation type, preoperative
eGFR, and preoperative sCr level. Naive/Kernel Bayes performed similarly to RUSBoost. SVM performed poorly.
Conclusions: The performance of the models improved after the inclusion of intra- and postoperative features with
preoperative features. The results of our study are not generalizable, and additional larger studies are needed.
The optimal ML method for this kind of data is still an open research question.

1. Introduction

creatinine (sCr) levels alone, and the urine output (UOP) criterion is
ignored. This situation is a common challenge for defining perioperative
AKI, since UOP can physiologically diminish intraoperatively, and

The onset of perioperative acute kidney injury (AKI) is generally a postoperatively, the measurement of UOP varies greatly [10]. Periop-
result of the accumulation of risk factors [1-5]. In patients who undergo erative AKI is associated with both increased morbidity and mortality
hip and knee arthroplasties, the incidence of AKI varies between 0.5 and and lengthened hospital stay [9,11].

24.0% [6-9]. Perioperative AKI is often determined by elevated serum In AKI, elevated sCr levels appear relatively late after injury.
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Abbreviations

Al artificial intelligence

AKI acute kidney injury

ASA American Society of Anesthesiologists
AUPR area under precision-recall

AUROC area under operating receiving characteristics
BMI body mass index

CI confidence interval

eGFR estimated glomerular filtration rate

KDIGO Kidney Disease Improving Global Outcomes
ML machine learning

sCr serum creatinine;

SVM support vector machine;

uop urine output

Perioperative AKI is an example of a clinical problem that could benefit
from machine learning (ML). Perioperative AKI is an adverse outcome,
there are no certain, single risk factors or tests for predicting its onset,
there is a vast amount of related data available, and the amount of data
is impossible to interpret by a single clinician. It might be possible for an
ML algorithm to allow more current risk evaluations or even predictions
[12].

A common method for creating predictive algorithms is analyzing
data retrospectively and trying to create as simple and accurate a model
as possible by selecting artificial intelligence (Al)-algorithms or logistic
regression [13]. Recent studies related to the generation of predictive
algorithms have included patients who underwent cardiac and aortic
surgery [14,15] or percutaneous coronary intervention [16] as well as
major noncardiac patients [17,18], ICU patients, and hospitalized pa-
tients [19-21]. Most of these studies ignored the UOP criteria [14,
16-18,21]. These studies used different sets of features, and the timing
of AKI diagnosis and prediction differed. Some studies focused on pa-
tient groups with a higher incidence of AKI, making the data less
imbalanced [14,15,22]. A study of AKI and intra-abdominal surgeries
showed that adding intraoperative data to preoperative data improved
the performance of a risk prediction model [23].

The aim of this retrospective cohort study was to create a supervised
ML model to predict the onset of perioperative AKI in lower limb
arthroplasty patients. The aim was to create a model for AKI defined by
both sCr levels and UOP. We aimed to create models using features from
the pre-, intra-, and postoperative periods, assess the value of these
different feature sets, and assess the most important features.

2. Materials and methods
2.1. Study design

The ethical committee of Northern Ostrobothnia approved this study
in 2018 (EETTMK 11/2018). Approval from the Medical Director for the
Northern Ostrobothnia Hospital District and the National Data Protec-
tion Ombudsman were obtained. Written informed consent was not
required. We conducted a retrospective, hospital register-based study of
patients who underwent either primary knee or hip arthroplasty be-
tween January 2016 and February 2017 at Oulu University Hospital,
Ouly, Finland. The inclusion criteria were patients who underwent
primary knee or hip arthroplasty, had available preoperative sCr level
data, and had electronic anesthesia records. The operation codes used in
the study were NFB10-90 and NGB10-90. This study was a continuation
of a previous study in which we described the perioperative character-
istics of the study cohort [24].
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2.2. Data collection

The data were collected from the anesthesia and patient records. A
list of the collected features is presented in Table 1.

2.3. Definition of acute kidney injury

AKI was evaluated based on the Kidney Disease Improving Global
Outcomes (KDIGO) classification, except for the UOP criteria [25]. Due
to the retrospective nature of this study and incomplete data for some
patients, we had to modify the UOP-AKI criteria. We used the following
criteria: an average UOP of <0.5 ml/kg/h over 48 h and the availability
of at least one full day of UOP data afterward. Intraoperative UOP was
not considered to be a diagnostic criterion. Instead, we used post-
operative UOP. According to these criteria, a patient was classified as
having either no AKI, AKI based on sCr level, or AKI based on UOP. A
patient who met both criteria was classified into both the sCr and UOP
groups.

2.4. Data preprocessing

Data were cleaned to address crucial missing values (Fig. 1). Patients
who were transferred from the recovery room to a private hospital and,
therefore, for whom all postoperative data were lacking were excluded.
Patients who did not have UOP data from the operation and recovery
room periods were excluded. Excluded patients were compared to
included patients to assess the effect of exclusion. Patients who spent
more than 40 h in the recovery room were excluded. After these ex-
clusions, there were still some missing values in the register data, but no
effort was made to impute them to develop the algorithms. Algorithms
were developed using only the data that were realistically available.
Body mass index (BMI) was categorized as <30, 30-34.99, 35-39.99 or
>40 kg/mz. The estimated glomerular filtration rate (eGFR) was
calculated using the Chronic Kidney Disease Epidemiology Collabora-
tion formula and categorized as >90, 60-89, and <60 ml/min/1.73 m?
[26]. UOP and infused fluids were derived from raw data to ml/h and
ml/kg/h features. A patient who met the sCr level-based AKI criteria was
assigned to Target 1, and a patient who met the UOP-based AKI criteria
was assigned to Target 2. The patients who met both criteria were
assigned to both Targets 1 and 2.

An external test set was not available for testing the performance of
the models at the time of the study. Due to the small sample size and
high imbalance of the data, splitting the dataset into separate training
and test sets was not feasible. Instead, a k-fold (k = 5) cross-validation
method was used for the validation of all the ML models [27].

2.5. Statistical analyses

The data were analyzed using SPSS for Windows (IBM Corp. Released
2016. IBM SPSS Statistics for Windows, Version 24.0. Armonk, NY: IBM
Corp.). Continuous features were analyzed using Mann-Whitney U tests
when two groups were compared. Categorical features were analyzed
using Fisher’s exact tests or Pearson chi-square tests. Two-tailed p values
are presented, and 95% confidence intervals (Cls) are presented for the
ML algorithm performance characteristics.

2.6. Algorithm selection

The development environment was MATLAB (The MathWorks Inc,
Natick, Massachusetts, United States) with the Statistics and Machine
Learning Toolbox. MATLAB was chosen as the development environ-
ment because several algorithms can be easily compared. The MATLAB
Statistics and Machine Learning Toolbox’s Classification Learner appli-
cation was used for the algorithm selection process. The algorithm se-
lection was limited by what was available in MATLAB. The choices for
the datasets included decision trees, logistic regression, Bayesian
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Table 1

List of raw data features collected from the patient records and the percentage of
missing data. Derivatives, such as urine output described in ml/kg/h and
grouped features, such as preoperative eGFR >90, 60-89, and <60 ml/min/
1.73 m® were derived from these listed features. eGFR = estimated glomerular
filtration rate; BMI = body mass index; ASA-status = American society of an-
esthesiologist’s status; NSAID = non-steroidal anti-inflammatory drug. * =
Missing % is the percentage compared to all data. Tourniquet is only used in

knee arthroplasties.

missing. The median length of stay was 3 days in this material.

= Patients discharged earlier have these values as

Features Type of Missing
feature input %
Preoperative Sex Nominal 0
features
Age (years) Scale 0
Weight (kg) Scale 0
BMI (kg/m?) Scale 0.9%
ASA-status Nominal 0
Preoperative serum creatinine Scale 0
Smoking Nominal 0
Alcohol consumption Nominal 0
Hypertension Nominal 0
Cardiovascular diseases Nominal 0
Kidney diseases Nominal 0
NSAID medication Nominal 0
Betablockers Nominal 0
Diuretics Nominal 0
ACE-inhibitors Nominal 0
Sartans Nominal 0
Prior major surgeries Nominal 0
Prior radiological imaging Nominal 0
with contrast medium
Intraoperative Type of surgery, operation Nominal 0
features codes
Not used in Date of operation (date) Scale 0.6%
models
Emergency/elective surgery Nominal 0
Type of anesthesia Nominal 0
Preoperative medication prior Scale 0
to surgery
Operation duration (hh:mm) Scale 0
Operation and recovery room Scale 0
duration (hh:mm)
Tourniquet duration in knee Scale 62.0%
operations (hh:mm)*
Infused fluids (ml) Scale 0
Urine output (ml) Scale 0
Loss of blood (ml) Scale 0
Infused blood products (ml) Nominal/ 0
Scale
Vasoactive administration Nominal 0
Mean arterial pressure trend Nominal 0
(mmHg)
Diuretics Nominal 0
Antiemetics Nominal 0
Pain medication Nominal 0
Postoperative
features
Serum creatinine, postop. day Scale 15.6%
1
Not used in Serum creatinine, postop. day Scale 31.3%
models 2-3
Not used in Serum creatinine, postop. day Scale 60.8%
models 4-7%*
Not used in Serum creatinine, any value Scale 14.2%
models from postop. days 1-7
Urine output, postop. day 1 Scale 4.8%
(ml)
Not used in Urine output, postop. day 2 Scale 38.7%
models (ml)
Not used in Urine output, postop. day 3 Scale 77. 5%
models (ml)**
Fluid intake, postop. day 1 Scale 4.9%
Not used in Fluid intake, postop. day 2 Scale 46.0%
models
Fluid intake, postop. day 3 ** Scale 82.9%
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Table 1 (continued)

Features Type of Missing
feature input %

Not used in
models

Not used in Intensive care Nominal 0
models

Not used in Length of stay (days) Scale 0
models

Not used in Location of follow-up Nominal 0.9%
models treatment

Not used in Time of death (date) Scale 0
models

classifiers, support vector machines and ensemble tree classifiers.
Because the minority class included only 4.0% of the patients in this
study, only the RUS boosted trees algorithm yielded satisfactory results
in preliminary testing. The imbalance of the data and the missing values
limited the choices for the ML algorithm. RUSBoost was compared to
Naive/Kernel Bayes and support vector machine (SVM) [17,22]. RUS-
Boost has been used for ECG analysis, histopathology, and epileptic
seizure detection [28-31]. The algorithm takes N, the number of
members in the class with the fewest members in the training data, as
the basic unit for sampling. Classes with more members are under-
sampled by taking only N observations of every class. In other words, if
there are K classes, then for each weak learner in the ensemble, RUS-
Boost takes a subset of the data with N observations from each of the K
classes. The boosting procedure follows the procedure in Adaptive
Boosting for Multiclass Classification for reweighting and constructing
the ensemble [32,33].

2.7. Algorithm training and validation

All the algorithms were trained and validated using a five-fold cross-
validation approach. The dataset was randomly divided into five folds,
80% for training and 20% for validation, and errors between the true
classification and the predicted classification were averaged across all
the test sets.

The algorithms were tuned through the selection of features for the
model by testing performance with different feature sets. The optimi-
zation criterion was precision rather than accuracy. The former is
considered more important than the latter in a clinical setting since the
best model is a model with which the maximum number of patients who
are likely to develop AKI can be identified and treated shortly after
surgery. Automated hyperparameter optimization was attempted on
several algorithms, but due to class imbalance, this did not improve
precision, and hyperparameter optimization was not performed in
further development. The performance metrics of the best models are
reported.

Models for sCr level-based AKI (Target 1) and UOP-based AKI (Target
2) were generated separately using different sets of features, described
as Trials. Trial A included only preoperative features, Trial B included
pre- and intraoperative features, and Trial C included pre-, intra-, and
selected Day 1 postoperative features, covering the time from the end of
recovery room time to the end of postoperative Day 1. Intraoperative
features comprised those available until the end of the time spent in the
recovery room. From postoperative Day 1, we included only fluid bal-
ance data and the first sCr measurement if this value was measured.

The inclusion of the sCr level from the 1st postoperative day meant
that in Target 1 Trial C, the diagnosis of AKI within the 1st postoperative
day was self-explanatory, and these patients were automatically
correctly classified. For sCr level-based AKI Trial C, a further model was
generated, in which the patients who met the sCr-AKI criteria on post-
operative Day 1 were excluded to examine the effect of the inclusion of
these patients.

For all the models, the importance of the features was normalized to
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Primary hip and knee arthroplasties between January 2016 — February 2017 in
OUH with electronic anaesthesia record and preoperative sCr available (n = 997)

v

A 4

15t exclusion: No postoperative data available (n =
96).

2" exclusion: Diuresis during and after operation
not available (n = 251). Recovery room time > 40h
(n=2).

Patients included into study cohort (n = 648).

- Met AKI sCr criteria (n = 25, 16 met sCr citeria and 9
both sCr and UOP criteria).

- Met AKI UOP criteria (n = 26, 17 met UOP and 9 both
sCr and UOP criteria).

- Patients without AKI (n = 606).

- This group set to be Target 1 in predictive algorithm.

- This group set to be Target 2 in predictive algorithm.

An AKI patient met one of the following criteria:

- KDIGO sCr criteria: 1.5-fold elevation of baseline
sCr within seven days or an increase of 26.5
umol/l within 48h.

- UOP criteria modified from KDIGO UOP criteria:
Average UOP for at least two consecutive days
(48 h) < 0.5 ml/kg/h and at least one full day of
UOP data available afterwards.

- Both criteria fulfilled.

Fig. 1. Flow diagram. AKI = acute kidney injury; KDIGO = Kidney Disease Improving Global Outcomes; OUH = Oulu University Hospital; sCr = serum creatinine;

UOP = urine output.

1. To assess the performance of fewer features, models using only the
features with a relative importance of >0.1 were established for all
TARGET 1 and 2 TRIALs A, B, C. The features were analyzed with
RUSBoost models, and these same features were used in comparative
algorithms. This resulted in a total of 14 different RUSBoost, Naive/
Kernel Bayes and SVM models.

Due to the large number of excluded patients, we studied the effect of
increasing the sample size to its maximum. This was possible only for
Target 1 Trial A by including the patients who were excluded due to
missing UOP data but whose preoperative data and postoperative sCr
were available. For other trials, it was not feasible to increase the sample
size due to the lack of key intraoperative data.

3. Results

A total of 997 patients fulfilled the inclusion criteria. A total of 349
patients (35.0%) were excluded, mostly due to a lack of UOP data. The
final sample included 648 patients of whom 16 met the criteria for sCr-
AKI and 17 met the criteria for UOP-AKI. Nine patients met both the sCr
and UOP criteria. The number of non-AKI patients was 606 (Fig. 1).

The 251 excluded patients with missing UOP data were analyzed and
compared to the included patients (Supplemental Table 1). Most of the
excluded patients underwent elective knee arthroplasty (87.9%), were
younger (64 vs. 74%), had a lower ASA status, had a higher preoperative
eGFR, received intraoperative nonsteroidal anti-inflammatory drugs
more often, had a more stable intraoperative mean arterial pressure,
experienced reduced blood loss, received fewer or no vasoactive drugs,
had normal postoperative blood pressure more often, and were more
often discharged home (P = <0.001 for all mentioned comparisons). The
excluded patients were healthier than the patients with more accurate

UOP measurements.

Table 2 presents the main outcomes of patients with AKIL. The pa-
tients with AKI according to either the sCr or UOP criteria had increased
1-year mortality rates. The mortality rate was 28% compared to 5.8% in
the sCr group (p = <0.001) and 23.1% compared to 5.9% in the UOP
group (p = 0.005). In both AKI groups, follow-up treatment usually did
not occur at home (p = <0.001 for both groups). Most of the patients had
stage 1 AKI, and there were only five stage 3 AKI patients.

3.1. Algorithm performance

The performance of the ML models is presented in Table 3. Nine sCr-
based AKI cases occurred within the 1st postoperative day, while most of
the sCr-AKI cases (64%) occurred between postoperative days two and
seven. Most UOP-based AKI cases (92%) occurred on postoperative Day
2, and 2/26 occurred on Day 3.

The performance remained the same in RUSBoost TARGET 1 Trials A
and B. In TARGET 2, the performance of the model was improved by
including intraoperative features with preoperative features. Both
TARGET performances were improved by including postoperative fea-
tures. The performance for the RUSBoost Target 1 Trial C model was as
follows: area under receiving operating characteristic (AUROC) of 0.91,
(95% CI + 0.02), area under precision-recall (AUPR) of 0.35 (95% CI +
0.04) sensitivity of 0.88 (95% CI + 0.03), specificity of 0.87 (95% CI +
0.03), and precision of 0.22 (95% CI + 0.03). The model correctly
classified 22 out of 25 AKI patients and correctly classified 543 out of
623 patients who did not have sCr-based AKI. Excluding the nine sCr-
based AKI patients who met the criteria on postoperative Day 1
slightly reduced the Trial C performance: AUROC of 0.92 (95% CI +
0.02), AUPR of 0.20 (95% CI + 0.03), sensitivity of 0.88 (95% CI +
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Table 2

Outcomes of patients with and without acute kidney injury and the stages of
acute kidney injury. AKI = acute kidney injury; sCr = serum creatinine; UOP =
urine output; KDIGO-criteria for stage 1 AKI: An absolute increase of sCr by 26.5
pmol/1 within 48h or a 1.5-fold increase of sCr within 7 days or UOP <0.5 ml/
kg/h for >6 h. Stage 2: A 2-fold increase in sCr or UOP <0.5 ml/kg/h for >12h.
Stage 3: A 3-fold increase of sCr or dialysis or UOP <0.3 ml/kg/h for >24h or
anuria for >12h. The diagnosis criteria of AKI by UOP in this material was UOP
<0.5 ml/kg/h for 48h at the postoperative ward for Stage 1 and < 0.3 ml/kg/h
for 48h for Stage 3. P-values for comparisons for patients with either sCr-AKI or
UOP-AKI and no-AKI patients are presented.

No sCr- P-value  No UOP- P-value
sCr- AKI, UOP- AKI
AKI, N=25 AKI, N=26
N = =
623 622
Location of follow-up treatment
Home N (%) 284 3 <0.001 280 7 <0.001
(46.0) (12.0) (45.5) (26.9)
Health center 182 8 177 5
ward N (%) (28.3) (32.0) (28.7) (19.2)
Hospital N (%) 152 13 153 12
(24.6) (52.0) (24.8) (46.2)
Death during 1(0.2) 140 0 2(7.7)
primary
treatment
period N (%)
1-year mortality 36 7 0.001 37 6 0.005
N (%) (5.8) (28.0) (5.9) (23.1)
Renal 0 0 0
replacement
therapy N (%)
Intensive care N 12 1 (4.0) 0.40 12 1(3.8) 0.42
(%) (1.9 1.9)
Lenght of stay, 3 3 0.65 3 3 0.54
median (25th (2-3) (2-3.5) (2-3) (2-3)
through 75th)
[C)]
AKI Stage
Stage 1 N (%) 23 23
(92.0) (88.5)
Stage 2 N (%) 0 (0.0) 0 (0.0)
Stage 3 N (%) 2(8.0) 3
(11.5)

0.03), specificity of 0.87 (95% CI + 0.03), and precision of 0.15 (95% CI
+ 0.03).

For the RUSBoost Target 2 Trial C model, the performance was as
follows: AUROC of 0.95 (95% CI + 0.02), AUPR of 0.31 (95% CI +
0.04), sensitivity of 0.77 (95% CI + 0.03), specificity of 0.91 (95% CI +
0.03), and precision of 0.26 (95% CI + 0.03). The model correctly
classified 20 out of 26 AKI patients and correctly classified 566 out of
622 patients who did not have UOP-based AKI.

The overall performance of SVM was generally worse and inconsis-
tent. However, Naive Bayes had similar overall performance compared
to RUSBoost, especially in TARGET 2 Trial C (Table 3). The AUROC and
AUPR curves are presented in Supplemental Fig. 2.

The results of TARGET 1 TRIAL A, which included an increased
sample size, are presented in Supplemental Table 2. No additional AKI
cases occurred. The performance of both RUSBoost and Naive Bayes
slightly increased.

3.2. Importance of features

The relative importance of the features in the Target 1 Trial C and
Target 2 Trial C models are shown in Figs. 2 and 3. The performance of
the trained models using only features with a relative importance of
>0.1 are presented in Table 4, and the features included in these models
are listed in Table 5. Again, the performances of TARGET 1 TRIAL A and
B were the same, and in TARGET 2, the performance was improved by
including intraoperative features with preoperative features. The
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inclusion of postoperative features improved both models.

Compared to the previous models with a larger number of features,
the changes in the performance of both RUSBoost and Naive Bayes
models were small and inconsistent, with RUSBoost achieving better
performance in TARGET 2 TRIAL C and Naive Bayes achieving better
performance in TARGET 1 TRIAL C. The RUSBoost TARGET 2 TRIAL C
performed as follows: AUROC of 0.98 (95% CI + 0.02), AUPR of 0.48
(95% CI + 0.04), sensitivity of 0.88 (95% CI + 0.02), specificity of 0.93
(95% CI + 0.02), and precision of 0.34 (95% CI + 0.04). This model
correctly classified 23 out of 26 patients with AKI and 577 out of 622
patients who did not have UOP-based AKI.

In the sCr-AKI models, preoperative eGFR was the most important
feature in Trials A and B. In trial C, four of the five most important
features were directly related to eGFR. In trial B, UOP measurements
were also among the most important features, but these UOP measure-
ments had less importance than the preoperative eGFR values.

Similarly, in the UOP-AKI Trial C model, three out of seven features
with a relative importance of >0.1 were UOP measurements. UOP on the
operation day was also the most important feature in the UOP-AKI Trial
B model. In Trial A, the eGFR was among the important features, but it
was not as important as it was in sCr-AKI models.

Age and surgery type were among the most important features in all
six models. Sex, BMI, ASA-status, preoperative eGFR, and preoperative
sCr level were present in both Target 1 and 2 Trials A and B. Duration of
operation and time spent in the recovery room were present in Trial B of
both Targets and in Target 1 Trial C.

The model that predicted sCr-based AKI, but with the exclusion of
nine patients who were shown to have AKI on postoperative Day 1, had
42 features with a relative importance of >0.1. The performance was as
follows: AUROC of 0.92 (95% CI + 0.02), AUPR of 0.20 (95% CI +
0.03), sensitivity of 0.88 (95% CI + 0.03), specificity of 0.87 (95% CI +
0.03), and precision of 0.15 (95% CI + 0.03). The model correctly
classified 14 out of 16 AKI patients and 543 out of 623 patients who did
not have sCr-based AKI.

The overall performance of SVM was worse. The performance of
Naive/Kernel Bayes was overall similar to RUSBoost in both TARGETs
and Trials and was better in Target 1 Trials B and C. The AUROC and
AUPR curves are presented in Supplemental Fig. 3.

4. Discussion

The main finding is that including both intraoperative and post-
operative features with preoperative features improves the performance
of predictive algorithms. In particular, the inclusion of postoperative
features increases the performance. The results of using either a higher
or lower number of features were inconsistent in this study, but since the
performance was either almost the same or increased, it could be
reasonable to focus on only the most important features.

Adding postoperative features clearly increased both the sensitivity
and precision in both TARGETSs and in both models using a large set of
features or features with a relative importance of >0.1. The reason why
the performance between TRIALs A and B in TARGET 1 did not improve
is unclear, but it seems that the sCr and eGFR measurements on first
postoperative day are very important for sCr-based AKI models.
Although inclusion of the sCr level from the first postoperative day in
TARGET 1 TRIAL C meant that the AKI cases that occurred on the first
postoperative day were self-explanatory, the model could also identify
cases of AKI that occurred days after the operation. This result remained
after the exclusion of AKI patients diagnosed on postoperative Day 1.

Comparison between the models using many features and the models
using features with a relative importance of >0.1 was inconsistent.
Using only the features with a relative importance of >0.1 reduced the
sensitivity of TARGET 1 Trial C to 0.84 from 0.88, while the precision of
0.22 remained the same. In TARGET 2, the sensitivity and precision both
improved in Trial B and Trial C, with the improvement in the latter being
particularly notable. In Trial C, the sensitivity increased from 0.77 to



Table 3

Performance of the RUSBoost, Naive/Kernel Bayes and Support Vector Machine models. Sensitivity/recall, specificity, accuracy, precision, area under receiving operating characteristic and area under precision-recall
curve are presented for each model and Trial respectively. Results are presented in order Boost/Bayes/SVM. The #Predictors presents the number of features used in RUSBoost, Bayes and support vector machine models
respectively. Trial A represents the model with only preoperative features, Trial B with pre-, and intraoperative features and Trial C with pre-, intra-, and postoperative features. Confidence intervals of 95% are presented.
Pre-op = preoperative; Intra-op = intraoperative; Post.op. day 1 = postoperative features covering the day after the operation; AUPR = area under precision-recall curve; sCr = serum creatinine; Boost = RUSBoost; Bayes
= Naive/Kernel Bayes; SVM = support vector machine; AKI = acute kidney injury; Pred. = predicted; UOP = urine output.

Trial A: Trial B: Trial C:
Pre-Op Pre-Op, Intra-Op Pre-Op, Intra-Op, Post-Op-1day
Target 1 sCr Sens Spec Accur Prec AUROC AUPR Sens Spec Accur Prec AUROC AUPR Sens Spec Accur Prec AUROC AUPR
Boost 0.68 + 0.79 0.79 + 0.12 + 0.81 + 0.11 + 0.68 + 0.78 + 0.78 + 0.11 + 0.79 + 0.12 + 0.88 + 0.87 + 0.87 0.22 + 0.91 + 0.35 +
0.04 + 0.03 0.02 0.03 0.02 0.04 0.03 0.03 0.02 0.03 0.03 0.03 0.03 + 0.03 0.02 0.04
0.03 0.03
Bayes 0.84 + 0.63 0.64 + 0.08 + 0.81 + 0.17 + 0.68 + 0.77 + 0.77 + 0.11 + 0.81 + 0.11 + 0.76 + 0.87 + 0.87 0.20 + 0.83 + 0.15 +
0.03 + 0.04 0.02 0.03 0.03 0.04 0.03 0.03 0.02 0.03 0.02 0.03 0.03 + 0.03 0.03 0.03
0.04 0.03
SVM 0.72 + 0.74 0.74 + 0.10 + 0.76 + NA 0.36 + 0.76 + 0.74 + 0.06 + 0.75 + NA 0.92 + 0.09 + 0.13 0.04 + 0.52 + NA
0.03 + 0.03 0.02 0.03 0.04 0.03 0.03 0.02 0.03 0.02 0.02 + 0.01 0.04
0.03 0.03
Confusion True “AKI” 18/21/17 7/4/8 True “AKI” 17/17/9 8/8/16 True “AKI” 22/19/23 3/6/2
matrix True “No AKI” 160/236/128 463/387/495 True “No AKI” 135/143/152 488/480/471 True “No AKI” 80/78/ 543/545/59
N =648 564
31/28/31 Pred. “AKI” Pred. “No AKI” #Predictors Pred. “AKI” Pred. “No AKI” #Predictors Pred. Pred. “No AKI”
45/45/45 78/78/78 “AKI”
Target 2 Sens Spec Accur Prec AUROC AUPR Sens Spec Accur Prec AUROC AUPR Sens Spec Accur Prec AUROC AUPR
uop
Boost 0.62 + 0.68 0.68 + 0.07 + 0.68 + 0.07 + 0.65 + 0.76 + 0.76 + 0.10 + 0.77 + 0.13 + 0.77 + 0.91 + 0.90 0.26 + 0.95 + 0.31 +
0.04 + 0.04 0.02 0.04 0.02 0.04 0.03 0.03 0.02 0.03 0.03 0.03 0.02 + 0.03 0.02 0.04
0.04 0.03
Bayes 0.85 + 0.41 0.42 + 0.06 + 0.69 + 0.06 + 0.85 + 0.56 + 0.57 + 0.07 + 0.79 + 0.14 + 0.73 + 091 + 0.91 0.26 + 0.95 + 0.33 +
0.03 + 0.04 0.02 0.04 0.02 0.03 0.04 0.04 0.02 0.03 0.03 0.03 0.02 + 0.03 0.02 0.04
0.04 0.02
SVM 0.23 + 0.87 0.84 + 0.07 + 0.63 + NA 0.54 + 0.85 + 0.84 + 0.13 + 0.81 + NA 0.81 + 0.31 + 0.33 0.05 + 0.15 + NA
0.03 + 0.03 0.02 0.04 0.04 0.03 0.03 0.03 0.03 0.03 0.04 + 0.02 0.03
0.03 0.04
Confusion True “AKI” 16/22/6 10/4/20 True “AKI” 17/22/14 9/4/12 True “AKI” 20/20/21 6/6/5
matrix True “No 198/370/81 424/252/541 True “No AKI” 148/274/92 474/348/ True “No AKI” 56/48/ 566/574/192
N =648 AKI” 530 430
#Predictors Pred.”AKI” Pred.”No AKI” #Predictors Pred.”AKI” Pred.”No #Predictors Pred.”AKI”  Pred.”No AKI”
31/30/31 33/27/28 AKI” 78/76/78
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Fig. 2. The figure represents the relative importance of each feature in the
RUSBoost model Target 1 Trial C predicting perioperative AKI, defined as
serum creatinine criteria of the KDIGO classification. Preoperative, intra-
operative and a few features from first postoperative day are included. eGFR =
estimated glomerular filtration rate; sCr = serum creatinine; UOP =
urine output.
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Fig. 3. The figure represents the relative importance of each feature in the
RUSBoost model Target 2 Trial C predicting perioperative AKI, defined as
postoperative UOP of <0.5 ml/kg/h for at least 48 h. Preoperative, intra-
operative and a few features from first postoperative day are included. eGFR =
estimated glomerular filtration rate; sCr = serum creatinine; UOP
urine output.

0.88, and the precision increased from 0.26 to 0.34. The sensitivity
increased in all the Naive Bayes TARGET 1 Trials, and the precision
increased in Trial C. Naive Bayes TARGET 2 Trials showed much more
inconsistency. The number of features was between 7 and 20 in the
reduced feature models and 27 and 78 in the models that used more
features. Some important features could be found in this larger set that
could possibly explain these findings, but as it is often not feasible to use
a vast set of features, we argue that using a reduced number of features
could be sufficient.
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In our imbalanced data, the AUROC and accuracy were less infor-
mative than precision-recall metrics since the accuracy of a model is
increased by correctly classifying the majority class while neglecting the
minority class [34]. In algorithm training, hyperparameter optimization
did not improve precision. This result probably occurred due to the small
minority class and a high class overlap [35,36].

Although RUSBoost was chosen as the main ML method in the pre-
liminary testing, the Naive/Kernel Bayes method performed similarly
or, in some cases, better. Recent studies such as ours lack homogeneity
in both defining AKI and in the methodology used in algorithms [13].
The optimal ML algorithms are still an open research question, and
whether RUSBoost or Naive/Kernel Bayes is one of these optimal ML
algorithms is unclear. We were not able to rigorously test all the possible
available options. Additionally, the predicted outcomes vary. Some
studies have focused on more severe AKI (stage 2-3) or tried to predict
the stage [20,21]. Our models only define whether the patient is likely to
develop AKI regardless of the staging. This has advantages since mild
AKI is also associated with increased mortality and morbidity.

Preoperatively decreased eGFR is a major risk factor for AKI [37].
Other important features recurring in the models (BMI, ASA status,
operation type, preoperative sCr level and sex) are all risk factors for AKI
[9,37]. The performance of both Target 1 and Target 2 Trial C probably
occurred because both models are largely based on the same, or de-
rivatives of the same, features that are used to diagnose either sCr-AKI or
UOP-AKI. Our recent study with the same patient population showed
that patients who met the UOP-AKI criteria had low UOP on both the
operation day and postoperative Day 1 [24]. There could be similar
small, but not diagnostic changes in the eGFR of patients who meet the
sCr-AKI criteria on postoperative Day 1. The rate at which these key
features were missing on postoperative Day 1 was 15.6% in patients who
met the sCr criteria and 4.8% in patients who met the UOP criteria.

Trial B models included the operation UOP in values with units of
ml/kg and ml/kg/h, whereas patient weight and operation duration
were also included. The eGFR calculation included sCr level, age and
sex, all of which recurred as impactful features. It has been shown that
the diversity of the classifiers in an ensemble may increase the perfor-
mance of an ensemble classifier [38]. In our study, we found that
derived features promoted data diversity.

The sensitivity and precision of our Trial C models could be argued to
be useful in clinical practice. However, there are several major concerns
that contradict this argument. First, because testing the models on a new
dataset was not possible, we were not able to assess the level of over-
fitting, which is likely, especially in Trial C models. Second, even if we
were able to demonstrate that our modified UOP criteria for AKI identify
oliguric patients who eventually might experience higher mortality
rates, the whole concept of UOP-based AKI is under debate, and retro-
spectively, the diuresis measurements are largely not very reliable [39].
Finally, it is uncertain whether these kinds of AI models of AKI would
work or be beneficial and offer decision-supporting information in the
clinical use [13].

4.1. Limitations

This study was a retrospective study. We excluded many patients due
to missing data. The UOP data were not complete, and thus training
based on UOP data was not optimal. The definition of perioperative AKI
by UOP is generally uncertain, and we modified the UOP criteria for this
study. This study was a single-center study, which could reduce the
usefulness of the results. External testing was not possible due to a lack
of data, and our models are prone to overfitting. We were not able to use
stratified cross-validation due to MATLAB limitations. Our algorithm
selection process was not rigorous, and it is possible that neither RUS-
Boost nor Naive/Kernel Bayes is the best method to use with this kind of
data. To further validate and develop ML models, a larger study cohort is
needed.



Table 4

Performance of the RUSBoost, Naive/Kernel Bayes and support vector machine models with features of relative importance of >0.1. Sensitivity/recall, specificity, accuracy, precision, area under receiving operating
characteristic and area under precision-recall curve are presented for each model and Trial respectively. Results are presented in order Boost/Bayes/SVM. The #Predictors presents the number of features used in
RUSBoost, Bayes and support vector machine models respectively. Trial A represents the model with only preoperative features, Trial B with pre-, and intraoperative features and Trial C with pre-, intra-, and postoperative
features. Confidence intervals of 95% are presented. Pre-op = preoperative; Intra-op = intraoperative; Post.op. day 1 = postoperative features covering the day after the operation; AUPR = area under precision-recall
curve; sCr = serum creatinine; Boost = RUSBoost; Bayes = Naive/Kernel Bayes; SVM = support vector machine; AKI = acute kidney injury; Pred. = predicted; UOP = urine output.

Trial A: Trial B: Trial C:
Pre-Op Pre-Op, Intra-Op Pre-Op, Intra-Op, Post-Op-1day
Target 1 sCr Sens Spec Accur Prec AUROC AUPR Sens Spec Accur Prec AUROC AUPR Sens Spec Accur Prec AUROC AUPR
Boost 0.68 + 0.80 0.79 + 0.12 0.81 + 0.03 0.15 + 0.68 + 0.80 + 0.80 + 0.12 0.80 + 0.12 + 0.84 + 0.88 + 0.88 0.22 + 0.88 + 0.03 0.27 +
0.04 + 0.03 + 0.03 0.04 0.03 0.03 + 0.03 0.03 0.03 0.03 + 0.03 0.03
0.03 0.03 0.02 0.03
Bayes 0.92 + 0.52 0.54 + 0.07 0.85 + 0.03 0.18 + 0.92 + 0.64 + 0.65 + 0.09 0.82 + 0.23 + 0.88 + 0.87 + 0.87 0.22 + 0.94 + 0.02 0.37 +
0.02 + 0.04 + 0.03 0.02 0.04 0.04 + 0.03 0.03 0.03 0.03 + 0.03 0.03
0.04 0.02 0.02 0.03
SVM 0.48 + 0.83 0.81 + 0.10 0.67 + 0.04 NA 0.60 + 0.71 + 0.71 + 0.08 0.73 + NA 0.80 + 0.66 + 0.67 0.09 + 0.90 + 0.02 NA
0.04 + 0.03 + 0.04 0.04 0.04 + 0.03 0.03 0.04 + 0.02
0.03 0.02 0.02 0.04
Confusion True “AKI” 17/23/12 8/2/13 True “AKI” 17/23/15 8/2/10 True “AKI” 21/22/20 4/3/5
matrix True “No AKI” 125/297/107 498/326/516 True “No AKI” 123/226/ 500/397/442 True “No AKI” 75/79/210 548/544/413
N =648 181
#Predictors Pred. “AKI” Pred. “No AKI” #Predictors Pred. “AKI” Pred. “No AKI” #Predictors Pred. “AKI” Pred. “No AKI”
14/14/14 20/20/20 19/19/19
Target 2 Sens Spec Accur Prec AUROC AUPR Sens Spec Accur Prec AUROC AUPR Sens Spec Accur Prec AUROC AUPR
uop
Boost 0.62 + 0.63 0.63 + 0.07 0.65 + 0.07 + 0.02 0.69 + 0.75 + 0.75 0.11 0.80 + 0.11 + 0.88 + 0.93 + 0.93 0.34 + 0.98 + 0.48 + 0.04
0.04 + 0.04 + 0.04 0.04 0.03 +0.03 + 0.03 0.02 0.02 0.02 + 0.04 0.02
0.04 0.02 0.02 0.02
Bayes 0.04 + 0.97 0.93 + 0.05 0.66 + 0.06 + 0.02 0.54 + 0.82 + 0.81 + 0.11 0.76 + 0.12 + 0.92 + 0.84 + 0.85 0.20 + 0.95 + 0.54 £+ 0.04
0.01 + 0.02 + 0.04 0.04 0.03 0.03 + 0.03 0.03 0.02 0.03 + 0.03 0.02
0.01 0.02 0.02 0.03
SVM 0.65 + 0.61 0.61 = 0.07 0.64 + NA 0.27 + 0.93 + 0.90 + 0.14 0.73 + NA 0.88 + 0.82 + 0.82 0.17 + 0.94 + NA
0.04 + 0.04 + 0.04 0.03 0.02 0.02 +0.03  0.03 0.02 0.03 + 0.03 0.02
0.04 0.02 0.03
Confusion True “AKI” 16/1/17 10/25/9 True “AKI” 16/23/20 10/3/6 True “AKI” 23/24/23 3/2/3
matrix True “No 228/20/244 394/602/378 True “No AKI” 269/170/ 481/353/452 True “No AKI” 45/98/ 577/524/509
N =648 AKI” 141 113
#Predictors Pred.”AKI” Pred.”No AKI” #Predictors Pred.”AKI” Pred.”No AKI” #Predictors Pred.”AKI”  Pred.”No AKI”
11/11/11 20/20/20 7/7/7
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Table 5

The features included in Naive Bayes, Support Vector Machine and RUSBoost
models using the features with relative importance of >0.1. The features with
relative importance of >0.1 were ascertained from RUSBoost models. The first
ten features are listed in order of relative importance, the first listed feature
having a relative importance of 1 and if more than ten features, alphabetically.
Colour annotations: white colour = preoperative feature, light grey = intra-
operative feature, dark grey = postoperative feature. ASA = American Society of
Anesthesiologists status; eGFR = estimated glomerular filtration rate; intraop. =
intraoperative feature; preop. = preoperative feature; pre-postop. = a change of
a feature value between preoperative and postoperative measurements; postop.

= postoperative; sCr = serum creatinine; UOP = urine output.

Target 1 Trial A features

Target 1 Trial B features

Target 1 Trial C features

eGFR preop.
Age

Type of surgery,
operation code
Weight

sCr, preop.
BMI

Sex

Prior major surgeries, N

Contrast medium within
Syr.

Emergency hip
arthroplasty

ASA

BMI, grouped

Contrast medium within
1yr.

Type of prior major
operations

Target 2 Trial A
features
Age

Type of surgery,
operation code

Weight

BMI

eGFR, preop.

sCr, preop.

BMI, grouped

ASA

Sex

Sartan at home

Prior major operations
within 5 yr, N.

eGFR preop.
Type of surgery,
operation code
Age

Duration of operation

Weight
UOP, operation day, ml

sCr, preop.

BMI

Duration of operation +
recovery room

UOP, operation day, after
surgery, ml

ASA

BMI, grouped
ACE inhibitor at home

Infused fluids, intraop.,
ml/h

Infused fluids, intraop,
ml/kg/h

UOP, intraop., ml

UOP, intraop., ml/h

UOP, intraop., ml/kg/h
UOP, operation day, ml/
kg/h

Sex

Target 2 Trial B features

UOP, operation day, ml/
kg/h
Age

UOP, operation day, ml
Type of surgery,
operation code

BMI, grouped

Duration of operation +
recovery room
UOP, intraop., ml/kg/h

Infused fluids, intraop.,
ml/h

ASA

UOP, intraop, ml

ACE inhibitor at home

Contrast medium within
5yr.

Diabetes

Emergency hip
arthroplasty
Hypertension

eGFR, postop. day 1

sCr change pre-postop.day
1, %

eGFR change pre-postop.
day 1

Type of surgery, operation
code

sCr, postop. day 1
Duration of operation +
recovery room

Age

UOP, operation day, ml
sCr preop.

sCr change pre-postop.day
1

Infused fluids, operation
day, after surgery, ml
Infused fluids, operation
day, ml/kg/h

Infused fluids, postop. day
1, ml

Indused fluids, postop. day
1, ml/kg/h

Other fluid loss, postop.
day 1, ml

UOP, operation day, after
surgery, ml

UOP, operation day, ml/
kg/h

UOP, postop. day 1, ml
UOP, postop. day 1, ml/kg/
h

Target 2 Trial C features

UOP, postop. day 1, ml/kg/
h

UOP, operation day, ml/
kg/h

Age

UOP, postop. day 1, ml

Type of surgery, operation
code
UOP, operation day, ml

Infused fluids, postop. day
1, ml
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Table 5 (continued)

Target 1 Trial A features ~ Target 1 Trial B features Target 1 Trial C features

Prior major operations
within 5 yr, N

Sartan at home

Sex

sCr preop.

UOP, operation day, ml/h

4.2. Conclusion

The inclusion of intra- and postoperative features with preoperative
features improves the performance of predictive algorithms. Retro-
spective data could be used to create algorithms to predict perioperative
AKI defined by both sCr level and UOP. The results of our study are not
generalizable, and additional larger studies are needed. The optimal ML
method for this kind of data is still an open research question.
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