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Abstract

Deep learning survival (DLS) modeling has shown significant promise across multiple disease
conditions for predicting patient outcomes via biomedical data, but remain relatively under-
explored in conjunction with medical imaging. This poses the question of what methodological
choices promote model generalization, especially when predicting continuous survival outcomes
in external validation cohorts. In this work, we systematically examined the impact of data
partitioning, data order, model initialization, and augmentation strategies on the generalization of
CT-based DLS survival models in renal cancers. A multi-institutional CT cohort was assembled,
leveraging public repositories such as TCGA-KIRC, TCGA-KICH, TCGA-KIRP, and KITS19;
totaling 525 patients from across 9 institutions. A 3D ResNet-18 model was trained to predict
overall patient survival with a Cox loss function and evaluated across three controlled experiments:
(i) random versus covariate-balanced data partitioning, (ii) randomizing vs fixing data ordering
and initial model weights, and (iii) varying intensity, spatial, and noise based augmentations;
evaluated in terms of concordance index (c-index) and hazard ratio (HR). Intelligent covariate-
balanced data partitioning demonstrated optimal performance on an external validation set
(c-index 0.74, HR 5.08) compared to random partitioning (c-index 0.56, HR 0.29). Different
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model initializations significantly impacted the average performance and variance across replicate
trainings, while data ordering had little to no effect. Combining multiple augmentations produced
the best performance on external validation (c-index +4.76%, HR +44.39%) compared to no
augmentations, while most impactful individual augmentation type was additive gaussian noise
(c-index +3.17%, HR +23.47%). Our results demonstrate that careful selection of strategies for
data partitioning and ordering, weight initialization, and image augmentation are critical for
developing robust and generalizable DL models for continuous survival prediction using medical
imaging data.
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1. Introduction

Deep learning (DL) has recently shown significant promise across multiple diseases for
predicting patient outcomes via biomedical data by iteratively optimizing and learning
features associated with disease characteristics [1]. In the context of prognostic applications,
the sub-class of deep learning-based survival (DLS) models have been designed to predict
patient events such as mortality or clinical complications. The overarching objective of

such models is to transform the clinical workflow by enabling the targeting of intensive
therapies to patients identified to be at high risk [2] of such events, typically employing
Cox-like loss functions [3] to learn risk scores associated with target outcomes. DLS models
output a single continuous risk score per patient, where higher risk scores represent a

higher likelihood of early adverse events on a continuous time scale. These models leverage
data available for adverse events (e.g., death, recurrence, etc.) as well as time-to-event
information, which are used as the training targets to optimize model risk scores for
accurately ordering patient events. Similar to Cox proportional hazards models [4], these
risk scores are evaluated in terms of (i) how accurately they predict a given event occurring
within a specified time interval via the concordance index, and (ii) stratifying patients into
separable risk groups based on Kaplan-Meier analysis. Thus far, DLS models have been
primarily applied to tabular data, including clinical information [5-10], genomics [6,11,12],
and proteomics [6].

By comparison, the utility of deep learning for continuous survival analysis in medical
imaging, particularly radiology, remains underexplored. Studies that do investigate
prediction of patient survival using medical imaging often reduce problem complexity

by considering binary outcomes (e.g., long- or short-term survival [3,6,11,13-17]). This

is a notable design shortcoming as continuous outcomes are critical to the performance

of DLS models [5-9,11,12,16,18]. In addition to compressing outcomes from continuous
to discrete, the binary classification approach fails to address complexities of censored
outcomes, which occur when patient status cannot be confirmed after a certain time [19].

A majority of DLS studies in medical imaging also have not specifically used distinct train-
test-holdout validation splits [6,8,9,18], instead favoring cross-validation alone [5,10,12,17],
or omitting a holdout validation cohort entirely [5,7,10,12,16,17]. While this may be a
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function of limited cohort sizes, cross-validation approaches have known limitations in terms
of demonstrating the “true” generalizability and robustness of DL models [20,21].

We thus posit that there still remain significant gaps in knowledge with regard to time-to-
event modeling via DL as well as confirming the generalizability of DLS models, especially
in the context of medical imaging data. While a number of model training paradigms are
commonly used in DLS models, there is a lack of clarity given the unique loss functions
such models typically employ [22]. The impact of such parameters when considering data
from multiple institutions is also relatively unexplored. To our knowledge, the following key
factors that influence the performance and generalizability of DLS models have not been
widely explored:

. Data partitioning. This process dictates how data is split into training, testing,
and validation sets. Patients are often randomly assigned to these groups,
which could fail to account for variations in acquisition parameters (known to
exist in medical imaging cohorts [23]). The resulting sub-optimal distribution
and unrepresentative subsets can negatively impact model performance and
generalizability [24,25].

. Data ordering. The order in which data is presented to the model during training
could potentially have an effect on model performance. Similar to partitioning
approaches, most studies use random selection when choosing items for batches
during neural network training [17,26], and there is limited understanding of how
this parameter affects model performance, especially given appearance and batch
variations which are known to exist in medical imaging cohorts [27].

. Model initializatior. Typically performed randomly within predefined ranges
[28], this integral part of model training is known to impact model performance
significantly, especially in terms of convergence rate [29]. While pretraining
and transfer learning approaches have been adopted to provide more optimal
starting model weights for training, [30-33], it is not well known how model
initialization specifically affects the performance of DLS models.

. Image augmentations. Random augmentations are frequently applied during
training to enhance model robustness [34]. These augmentations work for
medical imaging data by altering image appearance through additive noise
or blurring, deformation, or intensity transforms. Critically, the specific effect
of each type of augmentation on the validation performance of DLS models
remains underexplored for imaging cohorts.

In this study, we present a detailed and comprehensive empirical investigation of deep
learning survival models in a multi-institutional setting, in the context of the challenging
clinical problem of prognosticating overall survival in renal cancer patients via CT scans.
This clinical question is motivated by the fact that the median survival rate for renal
cancers is 78%, and there is a wide disparity in 5-year outcomes independent of tumor
grade and stage [35]; suggesting the need for more detailed risk stratification approaches.
Our study utilizes large publicly available resources of CT imaging and survival outcomes
from renal cancer patients [36—40], encompassing a representative heterogenous real-world
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cohort encompassing 525 patients, 46 scanner models, and 9 institutions. The specific
questions that we attempted to examine were (1) what is the impact of random versus
metadata-informed data partitioning strategies on DLS models? (2) what is the interplay
between model initialization and data ordering on the training performance of DLS models?
and (3) which augmentation strategies can impact DLS model optimization, especially when
considering the degree and combinations of augmentations applied? Our goal was to provide
actionable insights and recommend data-driven best practices to ensure the robustness

and generalizability of DL-based survival models, particularly for clinical applications via
medical imaging data.

The rest of the paper is organized as follows: we next describe the overall experimental
design of this work (illustrated in Fig. 1), including the data, pre-processing, and model
architecture, as well as the experimental methodology for evaluating each aspect of DLS
model optimization. Next, our experimental results for multi-institutional benchmarking of
DLS models within different optimization setups are presented and discussed, followed by
the concluding remarks.

2. Experimental design

2.1. Data description, pre-processing, and kidney localization on CT scans

Pre-operative contrast-enhanced CT scans with death event indicators and followup times
were obtained from publicly available repositories, summarized in Table 1. All CT scans
first underwent resampling to a uniform resolution of 1 mm x 1 mm x 1 mm to account

for voxel size differences between scanners and institutions. Kidney and tumor regions
were localized on each CT scan based on an automated segmentation model [41]. Kidney
and tumor annotations available in KITS23 [40] were used to train a UNet model for 100
epochs with an 80/20% train-test split, while using Dice loss and an Adam optimizer. Model
performance was evaluated via Dice score and intersection-over-union (loU) within the
testing set from KITS23. This optimized U-net model was utilized to segment out kidney
and tumor regions on all remaining CT scans prior survival analysis. Further details of
U-net model performance and comparisons are presented in Supplementary Figs. 1 and 2,
indicating Dice scores of 0.92 for kidney and 0.71 for tumor localization specifically as well
as a 98.5% accuracy in identifying bounding boxes for kidney regions. The kidney with the
largest tumor mass in each patient was then retained for all further analysis. Based on U-net
model outputs, regions of interest (ROIs) were extracted by cropping a 100 x 100 x 100
pixel region around the automatically segmented kidney and tumor regions on each CT scan.

2.2. DLS model architecture

A 3D ResNet-18 architecture was utilized to construct survival models with a single neuron
in the final layer which output a continuous risk score. ResNet-18 was chosen due to its
broad adoption and parameter efficiency in medical imaging [42], enabling reproducible
benchmarking in a data-limited setting. A 3D implementation was specifically used to
account for the volumetric nature of CT data utilized here. Models were trained for 200
epochs using the Adam optimizer with early stopping, a Cox proportional hazards-based
loss function, model initialization using He initialization, and a learning rate of 0.001. These
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choices were driven by their wide usage in the medical imaging domain, thus ensuring

any experimental insights can be immediately actionable. Training was conducted on an
NVIDIA GeForce RTX 3080 GPU with a batch size of 32. To address the imbalanced nature
of survival datasets, a weighted random sampler was utilized during training, ensuring that
each batch always included event cases (i.e., non-censored cases), as required by the Cox
loss function. For each of the following experiments, risk scores output by the DLS models
were used to stratify datasets into high- and low-risk groups based on the median risk score.
Model performance was quantified using:

. Concordance index (CI) measures how well a model can predict an order of
events. Since an earlier death event is indicative of high risk, Cl specifically
measures the ability of a model to identify high risk patients. Cl ranges from
0to 1, where 1 indicates perfect ordering of death events, while 0 represents
complete misordering.

. Hazard Ratio (HR) compares the frequency of death events in the model
predicted high risk group to the model predicted low risk group over a designated
time period. A higher HR indicates more and earlier death events in the high risk
group compared to the low risk group.

Risk group separation was additionally visualized via Kaplan-Meier curves [43], which
convey population based trends in survival. When comparing curves from two populations
(e.g., high risk and low risk) a large separation between the curves indicates different
survival outcomes between the groups while overlapping curves indicates similar survival
outcomes.

2.3. Experiment 1 - evaluating the impact of data partitioning strategies

Two strategies were considered for data partitioning, to determine how best to segregate data
into training, testing, and validation cohorts.

1. Random Partitioning: As is typically applied across a majority of deep learning
studies [44,45], the entire cohort was randomly segregated such that 60% was
allocated to the training set (D’), 20% to the testing set (Dx°), and 20% to the

validation set (Dy).

2. Intelligent Partitioning: An intelligent data-partitioning scheme was implemented
based on the CohortFinder algorithm [46], which is an open-source data-driven
partitioning tool designed to maximally balance batch effects in a cohort to
yield more representative data partitions and thus more generalizable DL models.
CohortFinder utilizes the output of an open source quality control tool [47],
to extract image metadata (e.g., scanner manufacturer, resolution, convolution
kernel, exposure time, and tube current), followed by unsupervised clustering
to determine batch effect groupings. Six distinct clusters were identified using
CohortFinder, and each cluster was proportionally assigned to training (60%,
D¢;), testing (20%, D¢;), and validation (20%, D) sets.

Fig. 2 visualizes UMAP embeddings of image metadata to illustrate the presence
of institution-specific batch effects in the cohort (where individual institutions cluster
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separately from each others), demonstrating that partitions obtained via Dczcomprise
representative samples from each institution-specific cluster. To evaluate the impact of

data partitioning on DLS approaches, a single independent model was trained, tested, and
validated for each partitioning scheme, e.g., McFwas trained using D¢y, optimized on D7
(after each training epoch), with the best performing model validated on D¢;. A similar
approach was implemented to train, test, and validate Mg Mcrand Mg were then compared
in terms of their performance in prognosticating survival, as described in Section 2.6. To
isolate the effects of data partitioning, models were trained with a fixed initialization seed, a
fixed data order, and no image augmentations.

2.4. Experiment 2 - evaluating the impact of model initialization and data ordering
strategies

Two possibilities were considered for each of (i) initializing the model weights, and (ii)
ordering of data being presented to the model during the training process. Randomization
involved randomly initializing the weights and data ordering at each epoch, while fixed
involved pre-determining a random seed at the start of training which was used to initialize
model weights and data ordering prior to each epoch. Four combinations were considered
based on these options:

1. Fixed data ordering and fixed weight initialization.

2. Fixed data ordering and random weight initialization.

3. Random data ordering and fixed weight initialization.

4, Random data ordering and random weight initialization.

For each of the 4 configurations, 50 independent DLS models were trained using D7, tested
on DZ; after each epoch, and validated on D¢;; for a total of 200 models. Performance

was averaged across all 50 models for each configuration, and the distributions of model
performances were compared based on c-index and hazard ratio with statistical analysis as
described in Section 2.6. To isolate the effects of data ordering and initialization, models
were training using intelligent partitioning only as well as no image augmentations.

2.5. Experiment 3 - evaluating the effect of data augmentation

To identify how different augmentation strategies impact model generalizability and
stability, three types of augmentations were tested:

1. Intensity Transforms: Random histogram shifting of images to simulate contrast
differences. Three levels of shifting were tested by varying the number of control
points (3, 7, and 10). These control points define anchor intensities where
random shifts are applied, such that a smaller numbers of control points allow for
larger intensity shifts.

2. Spatial Transforms: Affine transformations of the images to simulate variations
in patient positioning or organ size. Affine transformations required altering
three parameters simultaneously, including the rotate range (15°, 30°, 45°), scale
range (0.05, 0.15, 0.30), and shear range (0.05, 0.15, 0.30).
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3. Artifact-Inducing Transforms: Gaussian noise was added to the scans to mimic
acquisition artifacts. Three levels of noise were tested by varying the standard
deviation of the additive noise (10, 25, and 50).

Representative images illustrating the effect of each augmentation are depicted in Fig. 3.

For each augmentation type, models were trained with each of the three levels of transforms
individually; all implemented using the Monai package [48]. Additionally, a combination of
all three augmentations was tested to evaluate their cumulative effect on model performance.
For each of the 10 configurations considered, 50 independent DLS models were trained
using D¢, tested on D¢; after each epoch, and validated on D¢,; for a total of 500 models.
Performance was averaged across all 50 models for each configuration, and the distributions
of model performances were compared based on c-index and hazard ratio with statistical
analysis as described in Section 2.6. To isolate the effect of image augmentations, all models
are trained with intelligent partitioning, fixed initialization, and fixed data order.

2.6. Statistical analysis

Survival group comparisons were performed using the Wilcoxon log-rank test to determine
statistical significance in separating risk groups. When comparing multiple configurations of
DLS models, one-way ANOVA with post-hoc Tukey tests was used to compare performance
with p-values adjusted for multiple comparisons using the Holm-Bonferroni correction.
Variance differences between model configurations were assessed using pairwise F-tests,
with corrected p-values.

3. Results

3.1. Experiment 1 - evaluating the impact of data partitioning strategies

Fig. 4 visualizes Kaplan-Meier curves obtained via random (Mg) vs CohortFinder (Mcg)-
based training, testing, and validation sets. In training, Dy and D{; achieved similar Cls

of 0.98 and 0.99, respectively. Both models also showed strong separation of high- and
low-risk groups on their respective testing sets, with Mg achieving a Cl of 0.81 and HR of
12.07 and Mrachieving a marginally lower c-index of 0.65 and HR of 4.58. In holdout
validation, Mg achieved a markedly lower c-index of 0.564 and a HR of 0.287 compared
to Mcr which demonstrated a c-index of 0.74 and HR of 5.08. Kaplan-Meier survival
curves comparing predicted low and high risk patients in each set further demonstrate

that Mp achieves statistically significant separation on training and testing, but not in
holdout validation (Fig. 4A). By contrast, Mcrachieves statistically significant separation
in all three splits (Fig. 4B). Additionally, Mcrresulted in improved performance beyond a
baseline clinical-only model using TNM-staging (c-index of 0.62, Supplementary Table 1).
Intelligent partitioning was also found to result in a proportional distribution of co-variates
such as scanner manufacturer and institution between training, testing, and validation sets
(see Supplementary Fig. 5).

3.2. Experiment 2 - evaluating the impact of model initialization and data ordering

Table 2 summarizes averaged model performances for the four different configurations
considered, within training, testing, and validation sets (as determined via CohortFinder

Comput Biol Med. Author manuscript; available in PMC 2026 April 07.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Flannery et al.

Page 8

partitioning, based on the results of Experiment 1). All configurations of data ordering and
initialization were found to yield similar performance within the training set in terms of
c-index as well as hazard ratios. By examining box plots and associated statistical testing
results in Fig. 5, models using fixed initializations can be seen to yield significantly higher
c-indices and HRs compared to random initializations on both testing and validation sets,
as determined by ANOVA and post-hoc Tukey tests. Pairwise F-tests further confirmed that
models trained with fixed initialization and fixed data ordering demonstrated significantly
lower variation in validation c-index and HR compared to models trained with random
initialization.

3.3. Experiment 3 - evaluating the effect of data augmentations

Table 3 summarizes the quantitative results in terms of c-index and HR for different
configurations of image augmentations considered, with corresponding statistical analyses
presented in Fig. 6 and in the Supplementary Materials. In training, increasing the intensity
of histogram shifting and affine transforms resulted in a marginally worse but significant
reduction in both c-index (Fig. 6A—C) as well as hazard ratio (Supplementary Materials,
Fig. 2A-C). However, while random noise augmentations did not impact c-index in the
training set (0.99 + 0.01 c-index for low, medium and high intensity), there was a
significant reduction in HR for high intensity noise (96.83 £ 8.57 vs 99.12 + 9.29). This
can be observed when comparing the group means as well as group variances, where

more intense augmentations also result in significantly more variable performance. By
contrast, increasing the intensity of histogram shifting and gaussian noise did not impact
performance within the testing set (Fig. 6D,F and Fig. 2D,F in Supplementary Materials).
Only increasing the intensity of affine transformations led to significantly improved c-
index (Fig. 6E) and HR (Fig. 2E in Supplementary Materials). No significant differences
could be observed in the variability of performance in the testing set across different
augmentation configurations. The largest impacts of image augmentations were observed in
the validation set. High-intensity histogram shifting resulted in significantly higher c-index
(Fig. 6G) and HR (Supplementary Materials, Fig. 2G). By contrast, increasing intensity

of noise augmentations resulted in significantly worse c-index (Fig. 61) and HR (Fig. 2I

in Supplementary Materials). No consistent trends were observed when considering affine
augmentations, in addition to no significant differences in performance variability across
different augmentation configurations within the validation set.

Fig. 7 summarizes performance trends when considering all image augmentations in
combination, which yielded the best overall performance in terms of Cl and HR in testing
(Fig. 7B,E) and validation (Fig. 7C,F), though this was not always significantly different
compared to individual augmentation types. Notably, augmenting random noise alone
resulted in significantly less variation in HR (Fig. 7D) and CI Fig. 7(A), (B) across training,
testing, and validation. Supplementary Fig. 4 additionally summarizes performance trends in
terms of ClI for every possible permutation of individual augmentations. Any combination of
two or more augmenations was found to surpass a baseline model (no augmentations).

Fig. 8 visualizes performance differences of different configurations from Experiments 2
and 3 as a shaded red-green cell map, where minimal performance improvements relative
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to a baseline DLS model are shaded yellow. Intuitively, this suggests that the best model
performance resulted from a combination of using fixed model initializations, fixed data
order, and all augmentation types. The effect of different configurations (particularly
augmentations) was more pronounced on the testing set than on the validation set, in
terms of both c-index and hazard ratio. Additionally, configurations that resulted in
reduced performance on the training set exhibited improved performance on the testing
and validation sets.

4. Discussion

Advances in deep learning have led to wider interest in the development of DL-

based survival (DLS) models for improved prognostication of patient survival and risk
stratification [2], across a number of disease conditions. However, development of DLS
models using medical imaging data to predict continuous outcomes remains relatively
understudied, with specific gaps in knowledge regarding the choice of strategy for data
partitioning, data ordering, model initialization, as well as image augmentations. The
objective of our study was to conduct a comprehensive empirical investigation of DLS
medical imaging models in a multi-institutional setting, enabling actionable insights and
data-driven best practices to ensure their robustness and generalizability.

The specific clinical problem we considered was prognosticating overall survival in

renal cancers via CT scans. While there have been some recent studies in this regard

using multimodal or pathology data [26,42,49], there is only one other study which

has specifically considered DL-based prognostication of kidney cancer survival via CT
scans [50]. This approach utilized deep features (learned to predict grade) to optimize

a simplified discrete time-survival model within the KITS21 [51] repository. While the
performance reported in this study was similar to our results, we were additionally able to
comprehensively examine the performance of DLS models on a multi-institutional cohort of
data from additional public repositories [36—38,40], in addition to carefully interrogating the
impact of different training configurations on DLS model performance.

The major takeaways from our study, with regard to specific training strategy choices, were
as follows:

. When evaluating the impact of data partitioning strategies, intelligent data-
partitioning via the CohortFinder algorithm [46] significantly enhanced model
validation performance compared to randomized partitioning. This performance
improvement is consistent with prior studies of classification tasks using this
method [46], but our current study is the first indication of its efficacy in
the context of survival prognostication. Based on the marked differences and
institution-specific clusters observed in our dataset, our results underscore the
importance of appropriately accounting for multi-institutional data variation
when developing DLS models.

. Data ordering had little to no impact on model performance. Changing from
fixed data order to randomized data order resulted in a 0% and 1.5% difference
in testing and validation c-index, respectively. Hazard ratio demonstrated similar
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trends, with a 2.5% and 2.6% difference on testing and validation, respectively.
Variation in both metrics exhibited equally small differences. To our knowledge,
there have been no other studies specifically evaluating the effect of data order
on model performance in medical imaging or other machine learning contexts.

. Models trained with fixed initializations exhibited 8.5% higher c-indices and
107% higher hazard ratios compared to those with random initializations.
They also demonstrated 25% less variation in c-index compared to those with
random initializations. Similar observations regarding the importance of model
initialization have recently been reported in the context of pretraining approaches
in medical imaging [5,30] and multimodal/multi-omic deep learning survival
methods [6,52].

. Different augmentation types were associated with markedly different trends
in DLS model performance. Higher levels of random noise intensity produced
a 3.2% decrease in c-index and 66% decrease in hazard ratio on validation,
likely because introducing excessive Gaussian noise may be an unrealistic
augmentation in CT scans where Poisson noise is more common [53]. By
contrast, increasing the intensity of affine transformations improved validation c-
index by 6.8% and hazard ratio by 20%. This may correspond to slight variations
in patient positioning or natural differences in organ size and orientation,
thus allowing the DLS model to generalize more accurately. Increasing the
intensity of histogram shifting improved validation c-index by 4.8% and hazard
ratio by 47%, likely due to enabling DLS models to better accommodate a
diversity of image appearances. In a prior study of augmentation approaches
for pre-training using natural images [54], addition of noise and a subset
of affine transformations (rotation) were also found to be among the most
impactful augmentations. However, to our knowledge, no previous studies
have systematically examined the effect of specific augmentations on medical
imaging-based DL model performance, let alone DLS models specifically.

. Applying all augmentations together generally yielded the best performance
(+13.56% on testing, +4.76% on validation), which is consistent with current
best practices in deep learning [34]. Among the individual augmentations,
affine transformations had the greatest impact on testing set c-index (+15.25%),
while random noise exerted the most influence on validation c-index (+3.17%).
Notably, none of the augmentation types individually improved performance
compared to using no augmentations (under identical initialization and data
ordering configurations). This finding suggests that individual augmentations are
insufficient to produce generalizable models, and that combining augmentations
is critical ensuring model generalizability across the diverse sources of variability
which may be present within the validation cohort.

. Across the evaluated configurations, we observed an inverse relationship
between training performance and performance between internal testing and
external validation. For instance, enabling the full augmentation suite increased
internal testing performance by 13.56% while reducing training performance by
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2.02%. This suggests that the proposed strategies ensure optimal performance

in hold-out validation while still mitigating overfitting on the training set.

This pattern is consistent with augmentation-induced variability constraining the
model toward learning more stable, generalizable image cues that transfer to
held-out data, rather than exploiting dataset-specific signals which only yield
near-perfect performance on the training set.

We do however note some limitations of our study. We evaluated the effect of

specific random processes such as data ordering and model initialization on DLS model
optimization, but did not evaluate every possible random process involved in training.
However, the factors we have examined here were identified as the key gaps in knowledge
when developing medical imaging DLS models based on a comprehensive survey of the
literature. Our study made the assumption that batch normalization was required for DLS
model optimization as it has been shown to be a key element of model generalizability
and removing it has been shown to only hurt model performance [55]. An avenue of
future work could be examining different strategies for batch normalization. We also
limited our evaluation of augmentations to one common augmentation per major category
(intensity transforms, noise/blurring transforms, and spatial transforms). Given the immense
number of possible choices in this regard [34], an expanded follow-on study is required to
understand exactly how each possible augmentation type affects DLS model performance.
For instance, examining the impact of augmentations utilizing Poisson noise or metal
artifacts could provide more real-world impacts on DLS performance. Additional aspects
which remain to be explored include how different inputs (multi-modal data) and different
training paradigms affect the generalization of other model architectures, including vision
transformers, DenseNets, or EfficientNets. It is expected that model complexity, alternate
loss functions, and training requirements could result in different generalizability trends
between DLS models. While not examined here due to data limitations, incorporating
clinical and demographic data will also be critical for construction of clinically actionable
predictors.

5. Conclusion

In this study, we presented the a detailed and comprehensive empirical investigation of

DLS models and their training strategies when considering medical imaging data in a
multi-institutional setting. Our study demonstrated that intelligent data-partitioning as well
as pretraining methods (such as self-supervised learning or foundation models) are critical to
ensure optimal train-test-validation partitioning and appropriate model initialization. Careful
selection of image augmentations and their intensity levels are also necessary to enhance
model generalizability and improve validation performance. Future directions could include
examining image acquisition factors impacting DLS model reproducibility, as well as the
interplay of image pre-processing approaches commonly implemented in DL frameworks.
This could accelerate the clinical translation and implementation of DL models to be used in
decision support and practice.
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HIGHLIGHTS

. We used an extensive cohort of 525 patients from 4 publicly available
collections, 9 institutions, and 46 types of scanners.

. Intelligent covariate-balanced partitioning improved external generalization
(c-index 0.74, HR 5.08)

. Model initialization significantly influenced performance variability, while
data ordering had little effect.

. A variety of augmentations had the greatest impact on validation performance
(c-index +4.76%, HR +44.39%).
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Overall experimental workflow of including image data pre-processing, model training,
parameter evaluation, and statistical analysis of prognosticating survival for risk

stratification.
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2D UMAP embeddings of data using image scanner parameters.
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Fig. 3.
Representative images illustrating the effect of each level of augmentation applied to a

sample kidney CT scan (localized to the kidney ROI alone).
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low risk| 213 (0) 179 (34) 131 (82) 89 (124) 16 (197) |low risk| 70(0) 51(19) 28(42) 18(52) 0(70) [lowrisk| 67 (0) 48(19) 37(30) 20(47) 12(55)
high risk| 213 (0) 136 (77) 54 (159) 28 (185) 10 (203) |high risk| 70 (0) 44 (26) 27(43) 8(62) 1(69) |highrisk| 66(0) 46(20) 33(33) 17(49) 14(52)

Fig. 4.

Survival curves for training, testing, and validation datasets for different data partitioning
strategies, for (A) Mg (random partitioning, top row), and (B) Mg (CohortFinder
partitioning, bottom row). Tables indicate the number of patients alive and the number
of patients dead or censored at that time point, note there may be numerical differences
between models as a result of the partitioning approach. Mcrachieves statistically
significant separation in all three splits, while Mg can be seen demonstrate significant
differences in training and testing but not in holdout validation.
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Fig. 5.
Box plots of model metrics at different configurations of data ordering and model weight

initialization in DLS model training. These configurations include fixed data order (fixed
order), random data order (random order), fixed model weight initialization (fixed init), and
random model weight initialization (random init). Statistical analyses are presented in tables
below their respective box plots. * indicates significant differences between group means
(ANOVA and Tukey Tests), and ~ indicates significant differences between group variances
(F-test); based on Bonferroni-corrected p-values.
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Gaussian Noise

[ Low Intensity [ Medium Intensity [ High Intensity

Boxplots of c-index achieved by DLS models using different configurations of image

augmentations during model training. Statistical analyses are presented in tables below their
respective box plots. * indicates significant differences between group means (ANOVA and
Tukey Tests), and “indicates significant differences between group variances (F-test); based
on Bonferroni-corrected p-values.
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Fig. 7.
Boxplots of c-index and hazard ratio for individual augmentation types as well as for using

all augmentations in combination. Statistical analyses are presented in tables below their
respective box plots. * indicates significant differences between group means (ANOVA and
Tukey Tests), and ~ indicates significant differences between group variances (F-test).
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Initialization | Random | Random Fixed Fixed Fixed Fixed Fixed Fixed
Order Random Fixed Random Fixed Fixed Fixed Fixed Fixed
Augmentation| None None None None Histogram |  Affine
Train 0.00% 0.00% 0.00% 0.00% -1.01% -2.02% 0.00% -2.02%
X ‘
g | .
'g Test 0.00% +1.69% +8.47% +8.47% +1.69% +6.78% ‘ +13.56%
S [
Validation 0.00% +4.76% +6.35% -1.59% 0.00% +3.17% +4.76%
.‘g Train 0.00% +0.22%  -1.08% -2.82% -4.46% -8.81% +0.41% -4.95%
©
14
T Test 0.00%  +4.72% +102.36% +107.61% +22.83% +170.34% +71.13% +147.51%
© I
N
£ Validation 0.00% @ -20.92% +36.73% +33.16% +2.55% +23.47% +44.39%

Fig. 8.
Configuration performance improvements compared to a baseline random initialization,

random order, no augmentation model (corresponding to the first column). Green
indicates increased relative model performance, red indicates a decrease in relative model
performance, and yellow indicates little change in relative model performance.
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Mean and standard deviation of survival model performance metrics for different configurations of data

Table 2

Page 27

ordering and model weight initialization. Detailed statistical analyses of these results are presented in Fig. 5.

Fixed order  Fixed weights  Train Test Val
C-Index

Yes Yes 0.99 +£0.00 0.64 +0.03  0.67 +0.05

Yes No 0.99 +£0.00 0.60+0.04 0.61+0.05

No Yes 0.99 +£0.00 0.64 £0.03  0.68 +0.04

No No 0.99 +£0.00 0.59+0.04 0.63 +0.06
Hazard Ratio

Yes Yes 96.02 +8.66 791415 261177

Yes No 99.03 +8.39 3.99+266 1.55%1.79

No Yes 97.74 £8.57 7.71+439 2.68+2.00

No No 98.81 +7.76 3.81+299 1.96+1.69
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Table 3

Page 28

Mean and standard deviation of survival model performance metrics for different intensity levels of image
augmentations. Detailed statistical analyses of these results are presented in Figs. 6 and 7 in addition to the

Supplementary Materials.

Transform Intensity  Train Test Val
C-Index

Histogram Shifting  Low 0.99 +0.00 0.60 +0.05 0.59 +0.06
Medium  0.98 £0.01 0.61 +0.04 0.58 +0.06
High 0.98 +0.01 0.60 +0.05 0.62 +0.06

Affine Low 0.98 +0.00 0.63 +0.03 0.64 +0.05
Medium  0.98 £0.01 0.65+0.04 0.59 +0.06
High 0.97 +0.01 0.68 +0.04 0.63 +0.06

Noise Low 0.99 +0.00 0.63 +0.03 0.65 +0.05
Medium  0.99 £0.01 0.62 +0.03 0.65 +0.04
High 0.99 +0.00 0.63 +0.03 0.63 +0.04

All - 0.97 +0.02 0.67 +0.04 0.66 +0.06

Hazard Ratio

Histogram Shifting  Low 100.79+759  521+4.07 0.730.75
Medium 100.32 £7.43 5.27 £3.38 0.89 £1.13
High 94.40 +8.91 4.68 £4.13 1.38 £1.78

Affine Low 98.05 +9.17 5.53+3.14 1.91 +£1.67
Medium 97.73 £7.25 7.32 £3.52 1.61+1.12
High 90.10 +8.05 10.30 +4.59 2.01+1.64

Noise Low 99.22 +7.07 6.52 +3.61 242 +1.74
Medium 99.12 +9.29 6.59 +4.10 2.08 £1.91
High 96.83 +8.57 7.52 +£3.67 1.46 £1.47

All - 93.92 +9.69 9.43 +4.77 2.83+1.92
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