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Objectives: This study aims to build machine learning models to ana-
lyze Technetium-99m mercaptoacetyltriglycine (MAG3) renal scans
and clinical variables from patients with antenatal hydronephrosis
(ANH) with concern for ureteropelvic junction obstruction (UPJO)
and equivocal initial MAG3 renal scans to predict the risk of renal
complication development.
Methods: A retrospective cohort of patients under 1-year-old with
ANH concerning for UPJO with an equivocal MAG3 renal scan eval-
uated at our institution from January 2009 to June 2021 was identified.
Equivocal renal scans were defined as studies where the affected kidney
demonstrated split function greater than 39%, and subsequent clinical
recommendation was continued surveillance instead of surgery. Ran-
dom survival forest models were c onstructed to predict the risk of renal

complications (decreased function, increased parenchymal thinning,
worsening hydronephrosis) using clinical variables (Clinical Model),
or numerical features extracted from MAG3 renal scans (Imaging
Model), or clinical and numeric renal scan features (Ensemble Model).
Results: One-hundred fifty-two patients were included; 62 patients
developed a renal complication, and 90 did not develop a renal com-
plication with a minimum of 3-year follow-up. The Imaging Model
(C-index 0.74; 95% CI: 0.68–0.79) and the Clinical Model (C-index
0.70; 95% CI: 0.66–0.75) performed similarly, while the Ensemble
Model (C-index 0.76; 95% CI: 0.75–0.86) demonstrated improved
performance compared to either individually. Differential function per
unit volume of the affected kidney was the most important driver of the
Clinical Model’s predictions. All models identified high-risk patients
at significantly higher risk of renal complications on Kaplan-Meier
log-rank analysis (p < 0.0001).
Conclusion: Random survival forest models using clinical and/or
renal scan features may improve the prediction of renal complication
risk in patients with ANH, with concern for UPJO and an equivocal
initial MAG3 renal scan.
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Introduction

Antenatal hydronephrosis (ANH) is a common
congenital abnormality, affecting 1–5% of all
pregnancies.1 In cases of severe or persistent
hydronephrosis on postnatal ultrasound, technetium-
99m mercaptoacetyltriglycine (MAG3) diuretic
renograms are utilized to evaluate potential urinary
tract obstruction, most commonly ureteropelvic
junction obstruction (UPJO), that can cause renal
damage if untreated.2–5 However, a wide range of
indeterminate post-diuretic radiotracer washout
half-times (t1/2) for ANH patients has been reported,
due, in part, to infant physiology.6–10 Therefore,
predicting the risk of renal complications based
on diuretic renograms is challenging, particularly
when t1/2 is indeterminate for obstruction (i.e.,
10–40 min).6,7,11 Currently, this patient population is
currently followed by frequent serial clinical exams,
repeat renal scans, and serial renal ultrasounds that
are driven by an individual provider’s clinical gestalt
and with frequency that can be burdensome for
patients and their families.12 Thus, there exists a need
for tools to improve the risk assessment of ANH
patients with indeterminate renal scans.

Machine learning algorithms have shown
promise in pediatric urology,13–15 such as conducting
time-to-event analysis of chronic kidney disease
progression risk for children with posterior urethral
valves.16,17 Machine learning has been used in
ANH to grade hydronephrosis severity,18 predict
clinical progression based on ultrasound,19,20 and
help improve MAG3 renal scan interpretation by
predicting which patients would progress to a renal
complication.21,22 Prior binary classification models
demonstrated potential to improve diuretic renogram
prognostication but provided limited insight into
an individual’s risk or the time course of renal
complication development.

Our goal was to develop random survival forest
machine learning models to analyze MAG3 renal
scans and/or clinical variables from ANH patients
with equivocal initial MAG3 diuretic renograms to
predict an individual’s risk of renal complications.
We hypothesized that our machine learning models
would predict renal complication risk with strong
performance for a currently prognostically challeng-
ing patient population and that a model using
both renal scan and clinical variables would achieve
greater performance than models using either data
set alone.

Methods

Study design
A retrospective cohort study was performed on a
population of pediatric patients with ANH concern-
ing for UPJO with at least one available MAG3
renal scan evaluated at the Children’s Hospital of
Philadelphia (CHOP) between January 2009 and June
2021. This study was reviewed and approved by
CHOP Institutional Review Board (IRB#: 17-014098).
Given the retrospective and de-identified nature of
this study, the CHOP IRB approved a waiver of
informed consent.

Population
A population of 7591 consecutive patients less than
one year of age diagnosed with ANH was identified
from our institution’s database using International
Classification of Disease 9th and 10th Edition diag-
nostic codes (ICD-9 753.29, ICD-10 Q62.0). Patients
were included if they had hydronephrosis on renal
ultrasound that was Society of Fetal Urology grade
≥3 or Urinary Tract Dilation (UTD) grade ≥2 with-
out ureteral dilation and an equivocal renal scan;
and either developed a renal complication (defined
below) or had 3 years minimum of clinical follow-up
without a renal complication. For patients who did
not develop a complication, a minimum of 3 years of
follow-up was required for study inclusion to ensure
that patients with insufficient follow-up in the setting
of a retrospective cohort were excluded. Equivocal
renal scans were defined as studies in which the
affected kidney demonstrated an indeterminate t1/2

(>10 min) and split function greater than 39% and
the subsequent clinical recommendation was con-
tinued surveillance instead of surgery based on the
holistic interpretation of the patient’s imaging, lab-
oratory results, and overall clinical condition by the
fellowship-trained pediatric urologist evaluating the
patient at that point in time. Patients with insufficient
follow-up, history of known or suspected ipsilat-
eral vesicoureteral reflux, bilateral UPJO, or renal
anatomic abnormalities, such as duplicated systems,
renal malrotation, renal ectopia, or horseshoe kidney,
were excluded. Patients were followed with a mix
of ultrasound and MAG3 renal scans, with intervals
determined by the judgment of the attending pedi-
atric urologist at the time of each clinical evaluation
of the patients in this retrospective cohort.

Exposure
The exposure was each patient’s earliest equivo-
cal MAG3 renal scan, including numerical features
extracted by the machine learning algorithm from the
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renal scan and relevant clinical variables available at
that time.

Outcome
The outcome was renal complications occurring >6
months after an equivocal MAG3 renal scan, includ-
ing: >5% decline in renal function of the affected
kidney on follow-up renal scan, follow-up renal ultra-
sound showing increased parenchymal thinning,
worsening hydronephrosis (defined as an increase
UTD hydronephrosis classification per radiologist
review), new onset flank pain (based on the clini-
cian’s physical exam or patient report for patients
able to verbalize symptoms), or development of
pyelonephritis (determined by the evaluation of the
attending pediatric urologist at the time consider-
ing patient’s clinical condition, fever, and urinalysis;
there was no standardized method for urine sample
collection amongst the cohort). Decline in function
>5% on subsequent renal scan was chosen as a
threshold for meaningfully decreased renal function,
given the reported <5% margin of error of MAG3
renal scans.23–25 Ultrasounds read as displaying
increased parenchymal thinning or hydronephro-
sis on radiologist impression were reviewed by a
fellowship-trained pediatric urologist (author JKW,
blinded to machine learning analysis) for valida-
tion in the UTD hydronephrosis grading scheme.
This outcome of renal complications was chosen as
an objective endpoint, as an individual surgeon’s
decision to proceed to pyeloplasty is intrinsically
subjective. Change in t1/2 was not included in the
definition of a renal complication as there is a wide
range of indeterminate t1/2 in this population, and
so changes in t1/2 may not constitute a meaningful
renal complication, whereas the outcomes included in
our composite endpoint include changes that suggest
active or impending meaningful and permanent renal
injury that would often prompt a surgeon to proceed
with pyeloplasty.

Clinical variables
For eligible patients, relevant clinical characteristics
at the time of initial equivocal renal scan were col-
lected from the electronic medical record. Extracted
clinical features included age, sex, race, and kid-
ney laterality as well as discrete features from each
patient’s first equivocal renal scan, including dif-
ferential function per total volume of the affected
kidney, differential function per unit volume of the
affected kidney (radiotracer counts normalized by the
relative volume of each kidney), and post-diuretic
radiotracer count half-life (t1/2). The time-to-event was
defined as the time from initial MAG3 renal scan

until renal complication development or until the
last clinical follow-up if the patient did not develop
a complication.

MAG3 renal scan protocol and image processing
MAG3 renal scans were performed at a single center
as per the protocol standardized by Nuclear Medicine
physicians at our institution using a Philips Forte
SPECT Gamma Camera System (Phillip North Amer-
ica Corporation; 222 Jacobs St., Cambridge, MA).
Prior to image acquisition, an intravenous line was
placed, and bladder catheterization was performed.
During MAG3 renal scan image acquisition, images
were obtained every second for the first minute after
radiotracer infusion and then every 30 s for one hour
for a total of 180 images per study. During the scan
protocol, normal saline was infused at 15 mL/kg for
the first 30 min and then at 5 mL/kg for the final
30 min of the study. One mg/kg furosemide was
administered 20 min after radiotracer infusion per
our institution’s protocol, as described in prior pub-
lications from our institution.22 Time activity curves
were created using our institution’s standard nuclear
medicine processing software. Radiotracer counts
from each kidney and the bladder were then plotted
as a function of time and converted to numerical
features (counts from each kidney and bladder as a
function of time) using software adapted from para-
metric MRI (pMRI) developed at our institution.26 The
raw features of the renal scans were directly imported
into the models by this software without higher-level
feature extraction or data manipulation.

Machine learning analysis
Random survival forest models were constructed
using Python 3.8.5, scikit-learn 1.0, and scikit-survival
0.17.2 to perform time-to-event analysis for devel-
oping renal complications.27 Three random survival
forest models were built. The Imaging Model used
the numerical features extracted from each patient’s
initial MAG3 diuretic renogram by pMRI software
(radiotracer counts as a function of time as described
in the above sub-section titled “MAG3 Renal Scan
Protocol and Image Processing”), and the Clini-
cal Model used the extracted clinical variables (as
described in the above sub-section entitled “Clin-
ical Variables”). The models were built without a
pre-trained algorithm, as no previously reported
data using the MAG3 renal scan numeric features
extracted by the pMRI software were available.
Hyperparameters were tuned via Grid Search of 500
combinations. Utilized hyperparameters included
the number of decision trees (final values of 1600
trees for the Imaging Model, 200 trees for the Clinical
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Model), the maximum depth of each decision tree,
the minimum number of samples required to split
an internal node, the minimum number of samples
required to be in a leaf node, and the maximum num-
ber of features to consider when splitting a node. For
building each tree, bootstrapping was set to true. For
the Clinical and Imaging models, the study sample
was divided into training (80%) and testing (20%)
sets, and the results were internally validated with
three-fold cross-validation without stratification by
event occurrence. The Ensemble Model was gen-
erated by performing an equal-weight average of
the risk scores of the Imaging and Clinical mod-
els, as the vastly different underlying data sets (120
temporally-linked numeric features for the Imaging
Model versus 5 independent variables for the Clinical
Model) would have limited the utility of including
both Clinical and Imaging features in the same ran-
dom survival forest. Temporal leakage was avoided
by using only variables at the time of initial patient
presentation as inputs to generate model predictions.
In addition, as described in the Results, the Clin-
ical Model and the Imaging Model demonstrated
similar performance, and so equal-weighting for
development of the Ensemble Model was appropri-
ate. The models’ output for each patient consisted of
a risk score and a predicted progression-free survival
probability function.

Statistical analysis
For clinical variables, dichotomous variables are
reported as counts and percentages of the cohort
and compared between groups by Fisher’s exact
test. Continuous variables are reported as median
and interquartile range (IQR) and compared between
groups by the Mann-Whitney U test.

Predicted progression-free survival probability
curves generated by the Ensemble Model were plot-
ted for selected individual patients. To evaluate the
time-to-event model’s discriminative performance,
concordance indices (C-index) were calculated based
on cross-validated performance. To evaluate per-
formance accuracy at specific time points, receiver
operating curves (ROC) with areas under the curve
(AUC) measurements were calculated at 2, 5, and 6
years. For ROC calculation, the models’ predictions
for the entire cohort at each of the above discrete
time points were assessed. Performance metrics of the
models are reported with 95% confidence intervals,
which were computed via bootstrapping with 1000
iterations. Permutation scoring was used to deter-
mine the relative contribution of each clinical variable
to the Clinical Model’s predictions.

Using the risk scores predicted by each model,
a risk score threshold was used to stratify patients
into high-risk (top 20%) and low-risk (bottom 80%)
groups to demonstrate the efficacy of the model
in being able to identify patients at high-risk for
renal complications. This threshold was chosen for
the purposes of demonstration as it yielded a high
specificity for renal complication development while
having a robust amount of patients in each risk group.
For example, for the Ensemble model, the specificity
of the top 20% risk score threshold for identifying
patients who would develop a renal complication
was 92.1% with a sensitivity of 37%. Proportions of
patients developing renal complications in each risk
group were compared by the chi-square test. Kaplan-
Meier plots and log-rank tests were used to compare
progression-free survival between the low-risk and
high-risk cohorts for the 149 patients with complete
clinical and imaging data.

Statistical analysis was performed with Python
3.8.5 and R 4.2.2 (R packages utilized include
“survival”, “survminer”, “ggplot2”, “robustbase”,
“matrixStats”, and “CompareC”). STREAM-URO
reporting standards, which detail recommendations
for manuscript structure, description of data han-
dling, and presentation of data for investigators
using machine learning models, were adhered to in
preparation of this manuscript as closely as possible
within the limits of the available dataset.28 Soft-
ware and statistical analylsis used in this project are
linked in GitHub (https://github.com/loganj2chop/
MAG3_surv).

Results

Our final analysis cohort consisted of 152 patients
meeting all eligibility criteria. Of the 152 patients,
62 developed a renal complication, and 90 did not,
with 3 years minimum follow-up. Three patients
did not have all clinical variables available and
so were not included in the training and testing
sets for the Clinical and Ensemble models. The
patients were predominantly male, and the left kid-
ney was most commonly affected (Table 1). Relevant
clinical variables and conventional parameters from
each patient’s initial MAG3 renal scan are reported
in Table 1. Patients developing a complication were
statistically significantly younger at initial renal scan
(2.1 vs. 3.1 months, p = 0.01) with longer t1/2 (20 vs.
16 min, p = 0.006) and decreased differential func-
tions per total volume (48% vs. 50%, p = 0.02) and
per unit volume (40% vs. 45%, p < 0.001) of the
affected kidneys though these differences were small
and of questionable clinical relevance for clinical
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decision-making in a prospective setting (Table 1). Of
the patients who developed a renal complication, 16
(26%) had a greater than 5% decline in renal function,
2 (3%) developed pyelonephritis, 2 (3%) developed
flank pain, 20 (32%) had worsened parenchymal thin-
ning, and 22 (35%) had worsening hydronephrosis.

All patients who developed a renal complication
underwent subsequent pyeloplasty.

All random survival forest models had a C-index
greater than 0.7 in predicting the development of
renal complications (Table 2). The Ensemble Model
(C-index 0.76; 95% CI: 0.75–0.86) demonstrated the

TABLE 1. Clinical characteristics of the overall cohort and of patients who developed a renal complication
versus patients who did not develop a renal complication at the time of renal scan, including age at time of
renal scan, months, and median (IQR)

Characteristic All patients
(N = 152)

Patients
developing a

renal
complication#

(N = 62)

Patients not
developing a

renal
complication

(N = 90)

p-value

Sex, n (%) >0.99
Male 116 (76%) 47 (76%) 69 (77%)
Female 36 (24%) 15 (24%) 21 (23%)

Affected Kidney Laterality, n (%) 0.48
Left 102 (67%) 44 (70.9%) 58 (64.4%)
Right 50 (33%) 18 (29.1%) 32 (35.6%)

UTD Hydronephrosis Grade on
Ultrasound Prompting Renal Scan†, n (%)

0.4

P2 78 (51%) 35 (56%) 43 (48%)
P3 73 (48%) 27 (44%) 46 (51%)

Initial Equivocal MAG3 Renal Scan
Findings, median (IQR)

Age at time of renal scan, months 2.6 (1.8, 6.0) 2.1 (1.6, 5.2) 3.1 (2.1, 7.8) 0.01*
t1/2, minutes 19 (10, 25) 20 (13.25, 30.75) 16 (5, 25) 0.006**
Differential function per total volume
of affected kidney, %

49 (47, 52) 48 (44.75, 50.25) 50 (47, 52) 0.02*

Differential function per unit volume
of affected kidney, %

43 (39, 47) 40 (35, 45) 45 (41, 47) <0.001***

Follow-Up
Follow-up time (time to either develop
a renal complication or time to the
most recent follow-up), months,
median (IQR)

48.2 (28.1, 65.9) 17.1 (12.0, 38.5) 56.2 (48.2, 76.2) <0.001***

UTD Hydronephrosis grade at time of
complication development or at most
recent follow-up, n (%)

<0.001***

No dilation 11 (7%) 0 11 (12%)
P1 29 (19%) 1 (2%) 28 (31%)
P2 40 (26%) 10 (16%) 30 (33%)
P3 72 (47%) 51 (82%) 21 (23%)

Note. Continuous variables are presented as median (IQR). Discrete variables are presented as counts (percentage of cohort).
Statistically significant with *p < 0.05, **p < 0.01, ***p < 0.001. #Breakdown of renal complications: >5% decline in renal
function = 16, pyelonephritis = 2, pain = 2, parenchymal thinning = 20, worsening hydronephrosis = 22. †One patient who
did not develop a renal complication did not have ultrasound images available for review but received a MAG3 renal scan
due to clinical concern for urinary tract obstruction.
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TABLE 2. Performance metrics of each random survival forest time-to-event model

Model C-index AUC 2 years AUC 5 years AUC 6 years

Imaging model 0.74 (0.68–0.79) 0.79 (0.74–0.85) 0.77 (0.73–0.83) 0.76 (0.72–0.81)
Clinical model 0.70 (0.66–0.75) 0.77 (0.74–0.84) 0.75 (0.71–0.79) 0.73 (0.70–0.76)
Ensemble model 0.76 (0.75–0.86) 0.82 (0.78–0.86) 0.82 (0.77–0.86) 0.80 (0.75–0.86)

Note. Values in parentheses are the 95% confidence intervals for each performance metric.

FIGURE 1. Ensemble model results for selected individual patients. (A) Predicted progression-free survival
probability curves generated by the Ensemble model for six representative patients with varying risk scores.
(B) For each patient included in 1A, the table reports their initial ultrasound UTD hydronephrosis grade, the t1/2

and differential function per total volume of the affected kidney on their initial MAG3 diuretic renogram, their
risk score, their risk category (high-risk versus low-risk), whether they developed a renal complication, and their
time-to-event. Note. For patients experiencing a complication, the time in months from their first equivocal renal
scan until complication development; for patients not experiencing a complication, the time in months from their
first equivocal renal scan until their last clinical follow-up.

best overall performance, followed by the Imaging
Model (C-index 0.74; 95% CI: 0.68–0.79) and the
Clinical Model (C-index 0.70; 95% CI: 0.66–0.75)
(Table 2). Predicted progression-free survival prob-
ability curves output by the Ensemble Model for
representative patients are demonstrated in Figure 1.

ROC curves were calculated at 2, 5, and 6 years
following each patient’s initial equivocal renal scan.
The ROC curves at 6 years are demonstrated
in Figure A1. AUCs at 2, 5, and 6 years were greater
for the Ensemble Model compared to the Clinical
Model and similar between the Imaging Model and
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FIGURE 2. Kaplan-Meier plots of progression-free survival probability of patients classified by the machine
learning models as low-risk (bottom 80% risk scores) or high-risk (top 20% risk scores) by (A) the Imaging model,
(B) the Clinical model, and (C) the Ensemble model. Note. The p-values are the result of log-rank tests comparing
progression-free survival between the risk groups for each model.

the Ensemble Model (Table 1). Permutation scoring
demonstrated that the differential function per unit
volume of the affected kidney was the strongest
driver of Clinical Model predictions, followed by t1/2

(Table A1).
Using the random survival forest model risk

scores to stratify patients as low-risk or high-risk,
progression-free survival was decreased for the high-
risk groups across all models on Kaplan-Meier and

log-rank analysis (Figure 2; p < 0.001). For the Ensem-
ble Model, 22/29 (76%) high-risk versus 38/120 (32%)
low-risk patients developed a renal complication
(p < 0.001). For the Imaging Model, 30/43 (70%) high-
risk versus 32/109 (29%) low-risk patients developed
a renal complication (p < 0.001). For the Clinical
Model, 27/40 (67.5%) high-risk versus 33/109 (30.3%)
low-risk patients developed a renal complication
(p < 0.001).
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Discussion

Amongst patients with ANH with concern for
UPJO with equivocal initial MAG3 renal scans with
clinically similar radiotracer washout times and
differential function, our machine learning models
demonstrated strong performance in risk stratifica-
tion and individualized time-to-event predictions of
renal complication risk. Each of the three models
demonstrated moderately high discriminative per-
formance with C-indices greater than 0.7 as well
as promising accuracy at multiple time points with
AUCs greater than 0.7 at 2, 5, and 6 years. The
Ensemble Model demonstrated the strongest C-index
performance, followed closely by the Imaging Model
and then the Clinical Model, suggesting a benefit
of combining clinical variables traditionally assessed
by urologists with renal scan features extracted by
our algorithm. Risk scoring from all models iden-
tified high-risk patients with significantly increased
rates of renal complications on Kaplan-Meier analy-
sis. Permutation scoring of Clinical Model variables
demonstrated improved predictive value of differ-
ential renal function per unit volume compared to
traditional split function (differential function per
total volume), suggesting a potentially important
clinical role for differential function per unit volume
when available.

Patients with ANH with concern for UPJO on
ultrasonography require further evaluation to deter-
mine whether surgery is necessary. MAG3 renal
scan is the current gold-standard imaging modality
to characterize potential obstruction despite known
challenges in interpretation for infants,6,11 such as
reservoir effects from severely dilated collecting sys-
tems,8 decreased glomerular filtration rates,9,10 and
variation due to hydration or bladder drainage sta-
tus.10 As a result, current evidence has established
a wide range of indeterminate t1/2 values, approxi-
mately 10–40 min, for patients with ANH, making
interpretation and application of renal scan findings
difficult in this population.6,7,11 Given the central role
of renal scans in identifying potential surgical can-
didates, there is a need for tools to improve diuretic
renogram interpretation.

Machine learning is a promising approach to
improve the diagnostic and prognostic yield of
diuretic renograms. Blum et al. developed a lin-
ear support vector machine classifier to analyze
diuretic renograms from ANH patients with con-
cern for urinary tract obstruction in order to classify
the renograms as from patients with obstruction

requiring surgery versus from patients without
obstruction.21 In a small retrospective cohort, they
reported 93% accuracy for their machine learning
model versus 82% maximum accuracy using tradi-
tional t1/2 and 30-min clearance cutoffs. However,
their models required manual selection of drainage
curve features and did not include clinical vari-
ables. Furthermore, all ANH patients with concern
for UPJO were included in the study population, with
most patients having t1/2 <10 min or >30 min, making
their results less applicable to patients with inde-
terminate diuretic renograms. Previously, our group
identified a cohort of patients with ANH with con-
cern for UPJO with equivocal initial diuretic renal
scans and built machine learning models to perform
binary classification using a convolutional neural
network to analyze diuretic renogram features and
a random forest classifier to analyze clinical vari-
ables.22 In predicting which patients would develop
a renal complication and which would not, the renal
scan model achieved 73% binary classification accu-
racy versus 62% accuracy for the clinical variable
model. These studies demonstrated the potential of
machine learning to improve diuretic renogram inter-
pretation, though their binary outputs (obstruction
versus no obstruction) may oversimplify a complex
clinical problem.

Our study built on this foundation by using
random survival forest models that perform time-
to-event analysis and provide more nuanced risk
assessments. Our models empirically extracted
numeric features from diuretic renograms without
requiring manual selection. They then used these
imaging features and/or clinical variables to perform
time-to-event analysis of an individual’s renal
complication risk with strong overall performance.
For each patient, the models produced individualized
risk scores and predicted progression-free survival
probability curves, providing more refined,
individualized risk assessment compared to binary
classification. By providing an individual risk score
and individualized prediction of probability of
developing a renal complication, these models
can be used to tailor surveillance and follow up
plans for an individual patient to help minimize
the burden of surveillance of those patients at
lower risk of renal complication development
and to help with early identification of those
individuals at higher risk of renal complications to
potentially prompt earlier intervention to prevent
complication development. Importantly, our models
achieved strong performance among a cohort with
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clinically similar traditional diuretic renogram
parameters between patients developing versus not
developing a renal complication. Thus, the ability
of our models to effectively identify high- and
low-risk individuals within this cohort represented
an improvement compared to traditional MAG3
renal scan interpretation methods and suggested
a potential role for our machine learning models
as clinical tools to help guide clinical follow-up
protocols and to help predict an individual’s potential
need for and timing of surgery.

Limitations of this study include a retrospective,
single-center design and small cohort size, which
limit generalizability. However, it is common in the
pediatric urology literature, including prior work by
our group, to start with a small sample size at a single
institution before expanding to multiple-institutional
studies once the model has shown promise.17,28 Fur-
thermore, our definition of equivocal renal scan does
contain some subjectivity by including the clinical
decision to continue with surveillance. However,
among this patient population in which there is sig-
nificant uncertainty and subjectivity, this definition
is a reasonably objective metric based on clinical
practice in a high-volume center of excellence. We
included t1/2 and differential renal function in our
model since they are the most commonly used
parameters to evaluate renal obstruction, although
other parameters, including upright drainage time,
delayed drainage time, and normalized residual
activity or output efficiency, have been reported.29–31

As with many machine learning models, there is
potential for overfitting and poor generalizability
outside of the study cohort, although cross-validation
helps mitigate these risks. Our cohort was selected
specifically with tight inclusion criteria to evaluate a
subset of patients with ANH for whom current meth-
ods of risk assessment are lacking, resulting in an
overall cohort that, while large by pediatric urology
standards, is small by machine learning standards.
Thus, our results should not be applied to patients
outside of our specific population of interest - chil-
dren under one year of age with ANH and concern
for UPJO with an equivocal initial diuretic renogram.
In the future, when we validate our models on larger
populations at additional institutions, we will be
able to perform sensitivity analyses in which we use
stricter outcome parameters (e.g., only patients with
a differential function decline of 10%). Also, we plan
to pursue further studies using the risk-scoring of
our models to help guide follow-up protocols for this

patient population to potentially limit the surveil-
lance burden in patients at low risk for complications
and to earlier identify high-risk patients to help
prevent renal complications. Other future directions
include continued expansion of the model to include
clearly obstructed and non-obstructed patients, pre-
diction of individual complications rather than just
a composite endpoint, calibration and validation of
the models with additional patients, narrowing of
findings in composite outcomes to specific outcomes,
inclusion of potential multi-institutional collabora-
tions (with the understanding that this would likely
involve standardization of renal scan protocols across
institutions to ensure adequate model performance),
and prospective trials.

Conclusions

We developed random survival forest machine learn-
ing models to analyze MAG3 renal scans and/or
relevant clinical variables from ANH patients under
one year of age with an initial equivocal renal scan to
predict an individual’s renal complication risk with
strong overall performance. These results suggest a
potential future role for machine learning models
as tools providing individualized risk assessments
to help guide management of a subset of ANH
patients for whom current prognostic tools provide
limited information.
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Appendix A

TABLE A1. Permutation scoring of the relative importance of the input variables for the output
predictions of the Clinical Model with 95% confidence intervals

Clinical feature Relative weight

Differential function per unit volume of the affected kidney 0.104 ± 0.047
t1/2 (minutes) 0.081 ± 0.041
Age at initial renal scan (years) 0.060 ± 0.026
Differential function per total volume of the affected kidney 0.009 ± 0.012

Note. The relative weight is a quantification of the importance of each input variable of the Clinical Model in
determining the model’s final prediction with greater relative weights corresponding to a greater influence in the
model’s output.
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FIGURE A1. Receiver operating characteristic (ROC) curves of the three models at 6 years. (A) Imaging model
with AUC 0.76 (95% CI: 0.72–0.81). (B) Clinical model with AUC 0.73 (95% CI: 0.70–0.76). (C) Ensemble model
with AUC 0.80 (95% CI: 0.75–0.86).
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