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A B S T R A C T

Digital pathology imaging enables valuable quantitative characterizations of tissue state at the sub-cellular level.
While there is a growing set of methods for analysis of whole slide tissue images, many of them are sensitive to
changes in input parameters. Evaluating how analysis results are affected by variations in input parameters is
important for the development of robust methods. Executing algorithm sensitivity analyses by systematically
varying input parameters is an expensive task because a single evaluation run with a moderate number of tissue
images may take hours or days. Our work investigates the use of Surrogate Models (SMs) along with parallel
execution to speed up parameter sensitivity analysis (SA). This approach significantly reduces the SA cost, be-
cause the SM execution is inexpensive. The evaluation of several SM strategies with two image segmentation
workflows demonstrates that a SA study with SMs attains results close to a SA with real application runs (mean
absolute error lower than 0.022), while the SM accelerates the SA execution by 51× . We also show that,
although the number of parameters in the example workflows is high, most of the uncertainty can be associated
with a few parameters. In order to identify the impact of variations in segmentation results to downstream
analyses, we carried out a survival analysis with 387 Lung Squamous Cell Carcinoma cases. This analysis was
repeated using 3 values for the most significant parameters identified by the SA for the two segmentation al-
gorithms; about 600 million cell nuclei were segmented per run. The results show that significance of the sur-
vival correlations of patient groups, assessed by a logrank test, are strongly affected by the segmentation
parameter changes. This indicates that sensitivity analysis is an important tool for evaluating the stability of
conclusions from image analyses.

1. Introduction

Analysis of whole slide tissue images (WSIs) is an important com-
ponent of biomedical imaging studies. WSIs capture salient information
about disease morphology at the sub-cellular scale. Quantitative data
computed from WSIs and their correlation with other sources of in-
formation, such as clinical and molecular data, can assist in under-
standing disease mechanisms as well as in disease grading and classi-
fication [1–7].

While there are several benefits in using WSIs, many challenges,
such as accuracy and robustness of analysis workflows and high com-
putation costs, have to be addressed. One of the methodology

challenges is the fact that analysis workflows are often sensitive to input
parameters. Sensitivity Analysis (SA) is defined as the process of
quantifying the inherent variability observed in results from data ana-
lyses when the values of input parameters are varied. A SA study can be
used in image analysis to test robustness of analysis results, to under-
stand correlations among input parameters and analysis output, to
guide parameter tuning, and to simplify an analysis workflow. A SA
with a large number of WSIs, however, is a computationally very de-
manding process, which limits its use in practice.

In this work we target the SA of nucleus segmentation workflows.
Segmentation of nuclei in WSIs is a critical step which extracts imaging
features used in downstream analyses such as classification and
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correlations. Fig. S1 (supplementary material) shows two example
segmentation workflows used in this paper.

The first workflow uses morphological operations and a watershed
method to separate overlapping nuclei [6]. The second one employs
level set and mean-shift clustering strategy to segment and declump
nuclei [8]. Table A1 (supplementary material) presents the parameters
and possible parameter combinations for the two workflows. The large
number of parameters in these workflows leads to several application
runs, since it increases with the number of parameters studied. A SA can
become infeasible to execute when there are many parameters and the
processing of a single WSI takes hours.

We propose a new approach that aims to reduce the execution time
of SA with the use of Surrogate Models (SMs) and parallel computing
systems. SMs are compact and scalable analytic models that approx-
imate or mimic the behavior of multivariate complex systems. These
models can be employed in SA studies to replace the actual application
and, because they have low execution times, their use can significantly
reduce the overall SA time. A SM is built by fitting a model into a
training data (tuples < parameters, output>). The training data is
captured from application runs; that is, the analysis application is still
executed using large input datasets to build a SM. We employ high
performance computing to address this computational cost.

Surrogate Models have been used in optimization studies in aero-
space systems, fluid dynamics simulations, chain management, com-
putational fluid dynamics (CFD), among others [9–12]. In this paper,
we adapt and evaluate SMs for sensitivity analysis of tissue image
segmentation workflows. SA has also been employed without SMs in
multiple biomedical problems [13–15] that include bone remodeling,
electrocardiography analysis, venous pressure, etc. However, most of
the previous studies deal with applications which are computationally
less expensive than nucleus segmentation workflows, and have not
systematically evaluated multiple SM strategies and SA methods. The
contributions of our work can be summarized as follows:

• We propose and evaluate the use of several surrogate models to
accelerate sensitivity analysis in microscopy image analysis.

• We execute SA studies with two WSI segmentation workflows and
multiple cancer types. The results show that SMs lead to perfor-
mance gains of 51×with a small mean absolute error (MAE) of
0.022 to the SA indices.

• We show that variation in most significant parameters for the seg-
mentation workflows affects conclusions (e.g., survival analysis) in
downstream correlations [16,17] that use features computed from
segmentation results.

• We develop an end-to-end framework to efficiently support SM-
based SA in microscopy tissue image analysis. Our solution supports
multiple SA methods, can carry out SA in large-scale imaging da-
tasets, and implements performance optimizations to reduce ex-
ecution time.

We expect that this level of improvement in the SA will allow for (i)
a more routinely use of SA in microscopy image analysis; (ii) the

evaluation of SA with big imaging datasets; and, (iii) the use of pow-
erful SA methods that require a large parameter sampling.

2. Methods

The proposed approach is illustrated in Fig. 1. In order to carry out a
SA study with a large dataset, a user (e.g., scientist or application de-
veloper) needs to: (i) deploy the target segmentation application into
the Region Templates runtime system [18] for parallel execution, (ii)
specify the parameters to be analyzed and their value ranges, and (iii)
select a metric to measure changes in the output as the input parameter
values are varied. Our implementation supports the Dice and Jaccard
metrics [19,20], which are commonly used to evaluate differences be-
tween sets of objects. In our case, the sets of objects are reference image
masks and masks computed by the segmentation application for each
parameter set chosen by the SA process. The reference masks corre-
spond to segmentation results computed using the default application
parameters. In this way, we measure how segmentation output (masks)
changes with respect to a fixed reference output as the parameters
values are varied.

The user conducts the SA using our framework as follows. First, the
actual segmentation application is executed multiple times using the
target imaging dataset to generate a set of sampling/training results.
This set of results is used as input in a phase that generates multiple
surrogate models with different modeling strategies. These models are
evaluated to select the one that represents the application with
minimum error. The selected SM is used by the framework to replace
calls to the application as the input parameters values are system-
atically varied by the SA method chosen by the user. All the SA methods
supported in our framework (presented in the next section) can be used
with SMs.

2.1. Methods for sensitivity analysis

The framework supports a variety of SA methods and sampling
approaches: screening methods, such as Morris One-At-A-Time (MOAT)
design [21] that can be used to quickly identify non-influential para-
meters; and methods to compute more informative importance mea-
sures such as Pearson's and Spearman's correlation coefficients [22],
and the Variance-based Decomposition (VBD) [23]. These methods can
be used separately in different scenarios or in coordination to perform
initial investigations, for instance, to prune unimportant parameters
before more detailed and expensive studies are employed.

SA may be local or global. Local SA analyzes the impact of small
perturbations around a fixed parameter value (point in the domain) to
quantify the impacts of those local changes to the output. Global SA,
which is our target, measures the overall impact of a parameter as it is
varied on the entire parameter domain to the output [24–26]. Although
our focus is on global SA, the tools and techniques proposed here could
be used to compute local SA, for instance, by instantiating different SA
methods or by using MOAT with small perturbations with respect to a
fixed parameter value of interest.

Fig. 1. The architecture of the SA framework. A SA
method and sampling strategy are selected. The in-
itial parameter sets to be evaluated are generated,
and the application is executed using the WSIs to
create a training set of results. These results are then
used to build and evaluate the Surrogate Models, and
the model that best represents the application is se-
lected. Further, several calls are made to the
Surrogate Model (replacing the application) until the
sampling requirement of the SA method is reached
and the SA results are computed.
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The MOAT discretizes the input parameter space and varies a single
parameter at a time to measure the difference between the application
output (e.g., Dice or Jaccard) for two points in the space. In our work,
the parameter value perturbation is chosen as = p p/[2( 1)] [21],
where p is the number of levels that a parameter assumes, to account
for intervals greater than half of the parameter range and, conse-
quently, compute for global SA. The sampling size (number of appli-
cation runs) for MOAT is = +n r k( 1), where k is the number of
parameters studied and r is typically between 5 and 15 [27].

The importance measures in our framework include Pearson's cor-
relation coefficient (CC), partial correlation coefficient (PCC), partial
rank correlation coefficient (PRCC), and Spearman's rank correlation
coefficient (RCC) [22]. They compute correlations between input
parameters and output or between pairs of input parameters. The par-
tial correlation excludes effects from other input parameters. If the
input parameters are independent, the simple and partial results are the
same, while the ranked coefficients identify non-linear effects [22].

The Variance-based Decomposition (VBD) method [23] measures
individual and non-linear relationships. It divides parameter effects in
the output into main and total effects [26,28,29]. The main effect is the
variation in the output due to a given parameter only, whereas the
total-order effects include individual and higher-order/total-order ef-
fects. VBD demands +n k( 2) runs, where k is the number of parameters
and n can be in the order of hundreds or thousands [23].

2.2. Surrogate models

A SM is a simplified model that creates a continuous function of a
complex system using a limited amount of data [9] and emulates the
behavior of said system with small execution cost [30]. A variety of
surrogate models, including meta-models, response surface models,
approximation models, simulation models, data-driven models [31],
have been used in a wide range of application domains, such as me-
chanics, geology, astrophysics, and engineering [9–12].

In our case, a computational model is defined as a function f that
maps an input parameter set = …x x x x( , , , )i i i id1 2 to a response value ti,
where d is the dimensionality of the problem or the number of input
parameters with xi

d.

=f x D x t f x t: ( , ) ( )i i i
d

i i (1)

The surrogate model is similarly defined as a function f̂ :

= =f fit Q x t f x f x tˆ ( ( , )): ˆ ( ) ( )i i i i i (2)

where f̂ extrapolates from a limited training dataset Q to approximate
the results produced by f. A key aspect in this context is to calibrate the
surrogate based on assumptions on the f̂ shape or behavior using a
small number of runs of the application (f) for selected input config-
urations.

Multiple SMs have achieved good performance in other domains
and, as such, were implemented and evaluated in our work: i) A
Gaussian Process (GP or Kriging) that provides prediction about the
variance using a construction of the covariance function examined by a
pivoted Cholesky factorization [32,33]; Radial Basis Functions (RBF),
which uses linear combinations based on a distance from a centroid to
approximate the response function [34,35]; iii) Multivariate Adaptive
Regression Splines (MARS), which is a non-parametric method that
splits the domain into subregions and creates local regressions from
these subregions to be combined into a continuous function for the
entire domain [36]; iv)Artificial Neural Networks (NN), which are tools
for modeling non-linear data that relate inputs and outputs based on the
structure and functions of a biological neural network [37]; v) Support
Vector Regression [38], which is a method based on supervised learning
for regression analysis or data classification.

2.3. Building a surrogate model

Our framework builds a SM in a pipeline of parameter sampling,
training dataset generation, and SM evaluation and selection steps.

2.3.1. Parameter Sampling
The choice of the set of parameters should be performed carefully in

order to adequately represent the conditions of the application response
surface. The sampling step should be sufficiently small to minimize the
computational costs, and, at the same time, should still be re-
presentative and avoid bias or polarization errors. We employ full/
partial random sampling (Monte Carlo or Quasi-Monte Carlo) and Latin
Hypercube Sampling (LHS) [9], which assert that the sampling ade-
quately cover the parameters space.

2.3.2. Training dataset generation (application execution)
This is conceptually the simplest step of the process. The application

studied is executed for each input parameter configuration selected in
the sampling stage. The application output results are measured. Tuples
containing parameter sets and application response values are re-
corded. Training dataset generation is also the most expensive phase of
the SA studies using SMs. Thus, in this phase, we employ parallel
computing machines to speed up the application runs as described in
Section 2.4.

2.3.3. SM Evaluation and Selection
This step uses the training dataset to instantiate SMs. In our work,

the application is handled as a black-box and, as a consequence, we
cannot assume any information about the application that would help
in selecting the appropriate SM strategy [31]. We build SMs for all
strategies available and evaluate them empirically to choose the best
model among those available. This evaluation is performed via cross-
validation in which the training dataset is divided into two disjoint
subsets: the first subset is used to build the SMs, whereas the second is
used to evaluate the precision of the generated SMs. This process is
repeated multiple times as the training dataset is randomly partitioned.
In order to assess the model precision, the absolute value of the dif-
ferences between the observed o x( )i and the predicted p x( )i application
output from the SM is computed by , where n is the number of points
for testing in the cross-validation. The SM that performs the best is then
built using the entire training dataset.

2.4. Accelerating the surrogate model building phase with parallel execution

SMs can significantly reduce the number of workflow runs in SA,
but a target application still has to be executed to generate a training
dataset. This may take a long time. In order to accelerate application
runs, we use a runtime system called Region Templates (RT) [18],
which enables the execution of image analysis applications on hybrid
distributed memory machines equipped with accelerators (e.g., GPUs
and Intel Phi co-processors). An application is described in the RT
framework as a multi-level dataflow in which each coarse-grain appli-
cation stage may be represented as another fine-grain dataflow. This
multi-level representation enables RT to apply different task assignment
strategies at each level, improving flexibility on hybrid machines.

The stages of an application workflow communicate through data
elements called data regions in RT. Instead of sending information di-
rectly from/to computation stages, a stage produces and consumes data
regions, whereas the transfers of the data regions among the computing
devices on the machine are handled by the RT runtime system. This
strategy enables the transparent placements of the application on par-
allel machines to reduce data transfer demands. More details on the
scheduling strategies and data-aware placement in the RT framework
are available in our previous work [18].

We have also developed an optimization in RT for SA studies, called
Reuse Tree Merging (RTM) strategy, that enables reuse of repeated
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computations from multiple application runs [39]. As input parameters
are varied in a SA, there may be parts of the application workflow that
use the same parameter values and input data, which can be reused and
prevented from executing multiple times. These reuse opportunities
appear on coarse-grain stages of the application and on fine-grain tasks
within a stages. Our approaches are able to take advantage and improve
performance on both cases.

3. Results

Our experiments used whole slide tissue image datasets from Breast
Invasive Carcinoma (BRCA), Glioblastoma Multiforme (GBM), Low
Grade Glioma (LGG), and Lung Squamous Cell Carcinoma (LUSC) cases
from The Cancer Genome Atlas repository.1 We partitioned the images
into 4 K×4 K tiles for parallel computation. We executed the large
scale experiments on a distributed memory parallel machine. Each node
of this machine has two Xeon E5-2680 8-core Sandy Bridge processors
and one Intel Xeon Phi SE10P coprocessor. We carried out small scale
experiments after the generation of the training dataset on a local
machine with an Intel (R) Core (TM) E5-2640 CPU with 2.60 GHz,
64 GB of RAM. All of the machines run Linux OS. We evaluated the
following SMs: Gaussian Process (GP), MARS Cubic (MARS-C), MARS
Linear (MARS-L), Artificial Neural Network (NN), Polynomial Linear
(PL), Polynomial Quadratic (PQ), and Radial Basis Function (RBF).

This section is organized as follows. First, we present the correlation
analysis application studied in this work in Section 3.1. We then eval-
uate the accuracy of the SMs in SA in Sections 3.2–3.5. These experi-
ments employ a single WSI per tissue type because a large number of
executions are performed. In Sections 3.6 and 3.7, we execute SA stu-
dies using 55 WSIs to demonstrate the scalability of our solution and a
comparison to a previous work that executed SA without the use of SMs.
Finally, in Section 3.8, we carry out a correlation analysis with 381
patients/WSIs with Lung Squamous Cell Carcinoma (LUSC) from the
TCGA dataset. This experiment analyzes the impact of input parameters
in segmentation algorithms in downstream analyses.

3.1. Morphological correlation

This section briefly describes morphological correlation analysis
used in this work. In the correlation analysis, nuclei are segmented in
WSIs, quantitative features are computed per nucleus (set of 60 features
from 20 quantile normalized features as listed in Table A.2), and the
features are aggregated per patient to create a morphological patient
signature. The signatures are then clustered with a consensus clustering
[40] for a robust grouping. This type of correlation analysis has been
executed by multiple studies [16,41].

This work evaluates parameters of the segmentation phase of our
application, which is the most parameterized step of workflow.
However, after identifying important parameters in the segmentation,

they are varied with the goal of evaluating the propagation of un-
certainty in the segmentation results to the overall correlation analysis
(i.e., patient clustering and survival analysis). The complete framework
is presented in Fig. 2. The details of each analysis phase are provided in
Section S1 in the supplementary materials.

3.2. Performance of surrogate models in a SA study

This section evaluates the SMs in a SA study with the watershed
workflow and GBM images. The SMs were created using a training
dataset of 100 elements, and were used in a SA to compute Pearson's
Correlation Coefficients in which the SMs are executed for 1000 para-
meter sets. For the sake of comparison, we performed the same SA study
using the actual application (AA).

The results are presented in Fig. 3, which shows the impact of each
parameter on the output. The SMs that attained indices most similar to
AA were MARS-L, MARS-C, and GP. In order to assess the performance
of each SM, we computed the Mean Absolute Error (MAE) [42,43] of
the parameters coefficients obtained with the SM and the actual ap-
plication. These results are presented in Fig. 4 for training datasets with
100, 200, and 300 elements. The Polynomial Quadratic (PQ) results are
not shown for 100 points because it requires a minimum training set
with 200 elements.

The results confirm that MARS-L, MARS-C, and GP as the best
performing SMs. The high MAE values for NN, PL, and RBF clearly show
that these SMs are not good candidates in our case. RBF is interesting
since it estimates coefficient values close to zero for all parameters.
Thus, although the RBF's MAE values are smaller than those of NN and
PL, it has not generated useful coefficients. To investigate if NN, PL, and
RBF have attained low performance because of the training dataset, we
increased the training size to 10,000 elements. We then noticed that
those SMs improved their performance with larger training datasets,
but they were still not superior than other models (e.g. MARS-L, MARS-
C, and GP). We should note that if large training datasets are used, the
benefits from SMs may be offset by the cost of creating the training
datasets.

3.3. Evaluating SA and SMs on multiple cancer types

This section extends our evaluation with the use of multiple cancer
types (GBM, BRCA, LGG, and LUSC) and the watershed segmentation
workflow. These experiments used the three best models identified in
the previous results: GP, MARS-L, and MARS-C, and a training dataset
of 100 elements.

The results in Fig. 5 show that the SMs approximate the AA well for
all cancer types, regardless of the significant variation of the correlation
values in intensity and direction across tissue types. We computed the
MAE for all of the SMs and cancer types. The MAEs are smaller than
0.04 for the selected SMs. Our experiments also show that changing a
parameter value may have a different impact on segmentation results
for different tissue/cancer types. We should note that the differences in
parameter values are not meant to distinguish between cancer types but

Fig. 2. Morphological correlation framework. Morphological features computed from WSIs and aggregated into a patient basis to create patient signatures. The
signatures are then used to group patients, and the significance of the survival in these groups are assessed.

1 https://cancergenome.nih.gov/.
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to measure the difference in impact of the parameter values on the
segmentation results across cancer types.

3.4. Performance of SMs on the VBD SA

This section evaluates the SMs on VBD SA studies with the wa-
tershed workflow. We used GP, MARS-L and MARS-C and training da-
tasets with 100–300 points. The SMs were employed to execute a VBD
study that uses =n 300 for a total of +n k( 2) application runs. Given
that =k 15 parameters exist, it requires 5,100 runs. Because of the high
computation demands to execute the study using the actual application
(shown as VBD) for comparison purpose, we used only the GBM images.

Fig. 6 shows main and total effects of each parameter with the SMs
as compared to the VBD using the application. The SMs were built with
a training dataset of 100 elements. The models were able to approx-
imate well the effects and only small differences among the actual VBD
and the SMs based SA were observed. Further, we also increased the
training size used to build the SMs and measured the MAE for each SM.
As is shown in Fig. 7, the larger training sizes tend to improve the
precision of the study, but the observed errors are small even when 100
samples are used. The MAE values are below 0.022 for GBM. When
using a training dataset size of 100, we were able to speed up the VBD
study by 51× compared to the VBD using the actual application.

3.5. SA using level set based segmentation workflow

This experiment evaluates the SMs in VBD studies using the level set
based segmentation workflow. We have employed GBM to study the

=k 6 parameters of the application (Table A1). Although this workflow
has a smaller number of parameters as compared to the watershed
based one, the SA study in this case is more costly because of the higher
workflow execution time. The VBD used =n 300 that results in

+ =n k( 2) 2,400 application (or SM) runs. The SMs were built using
training datasets with 100 elements.

The results of the VBD computed using the actual application
(shown as VBD), and those employing the SMs are presented in Fig. 8
for each parameter. As shown, the SMs slightly overestimated the im-
pact of the most important parameter (OTSU) with respect to its main
effect, whereas the total effects that include higher-order interactions
were better approximated. In all cases, the order or ranking of para-
meters importance was maintained for significant parameters. The SMs
analysis executed about 24× faster compared to VBD using the actual
application.

Fig. 9 presents the MAE for SMs as the training dataset size is varied.
The error is small for all models. The increasing in the dataset size has
little impact on the results. We attribute the small improvement in this
case to the fact that a large fraction of the output variation in the
segmentation workflow is determined by one or two parameters (OTSU
and CW). Hence, the variation could be more easily approximated as
compared to the watershed based workflow.

Fig. 4. Mean Absolute Error among Pearson's Coefficient generated using SMs and the actual application for GBM images.

Fig. 3. Pearson's Coefficient using SMs and the actual application for GBM images.
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3.6. Scalability evaluation

This section presents the execution on distributed hybrid machines
equipped with CPUs and Intel Phi. The watershed workflow and dataset
with 55 WSIs or 6113 4K×4K GBM image tiles were used. The applica-
tion workflow is composed of normalization, segmentation, and comparison
stages. Fig. 10 presents the execution time per parameter set evaluated as

the number of nodes used is increased. The parallel efficiency of the ex-
ecution is over 0.92. When the CPU and Intel Phi are used in coordination,
there is a performance gain of about 2.28×as compared to the CPU-only
using 16 CPU-cores available in each node. In addition, we evaluate the
computation reuse strategies: Coarse-Grain Reuse (CGR), proposed in our
early work [44], that only reuses a stage if all parameters of the stage have
the same values and the Reuse-Tree Merging (RTM) that is able to reuse

Fig. 5. SM efficiency evaluation for different types of cancer.

Fig. 6. SMs efficiency for the VBD analysis.
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computation in fine-grain tasks within a stage even if only a subset of the
parameters are the same. As is shown in Table 1, the CGR optimization
significantly improved the execution without computation reused (CPU +
Phi), whereas the RTM further accelerated the SA execution in about 1.5 ×
.

3.7. Large-scale SA with vs without SMs

This experiment compares the SM based SA strategy to a large-scale
SA that does not employ SMs, which was carried out on our previous
work [44]. The experiment executed a VBD study with the watershed
workflow and 55 WSIs of GBM. The study has =k 8 parameters only,
since the other ones were identified as non-influential and previously
pruned with MOAT. As a result, = +N n k( 2) or 2000 workflow runs
are required for the =n 200 used. Higher values of n were not used due
to the cost of the analysis – the experiment took 42.9 h on 128 nodes
and involved significant I/O demands as 820 Terabytes of data were

Fig. 7. Mean absolute error for different types of cancer in VBD analysis.

Fig. 8. SMs efficiency for VBD and the level set based workflow.

Fig. 9. MAE of the level set based workflow for VBD.

Fig. 10. Distributed workflow execution on hybrid
nodes equipped with CPU and Intel Phi.

Table 1
Execution time with 256-nodes and different optimizations.

CPU-only(s) CPU + Phi(s) CPU + Phi + CGR(s) CPU + Phi + CGR(s)

72.69 31.84 19.90 13.22
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produced and processed.
We executed the same analysis using SMs in which a training da-

taset size of 100 was used to build a GP SM. This reduced the number of
runs by 20× as compared to the original experiment [44]. The ex-
ecution time dropped to 2.14 h using the same number of nodes, and
the I/O was reduced to about 40 Terabytes. These performance gains
were achieved with a MAE of only 0.02 and 0.04, respectively, for the
main and total effects.

3.8. Impact of segmentation to correlative survival analysis

This section evaluates the impact of the variations in the segmen-
tation results due changes in important parameters to a correlative
survival analysis. We varied the significant parameters of the watershed
(G1) and level set (OTSU) based segmentation workflows identified in

the SA. We the parameter values around manually tuned values selected
by the developers. As such, the central point of our analysis using
OTSU=1.0 and G1=46 are the manually selected values, which were
increased/decreased while keeping all the other parameters fixed. We
first present in Fig. 11 the segmentation results for each parameter
configuration. The algorithms were differently affected by the para-
meter value changes. The Level set workflow attained higher Dice va-
lues than the Watershed workflow. The Watershed workflow had a
smaller variation in the segmentation results.

The consensus clustering was applied to patient level morphological
signatures compute for each parameter chosen. Note that this analysis
executes the actual segmentation workflows with the TCGA images
without using the surrogates. The SMs were not used in these experi-
ments because as modeled in this paper they are not capable of gen-
erating segmentation results (masks) used in the correlative analysis.

Fig. 11. Segmentation for both workflows and the parameter values used in the survival analysis with an example image patch. Ground-truth segmentation for Dice
calculation was generated by a pathologist.

Fig. 12. Kaplan-Meier survival estimations using patient morphological signatures computed with different segmentation algorithms and parameter values.
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Instead, in this work, the SMs were employed to measure only how
DICE values vary as parameters change. The number of clusters was
varied from two to seven. We present the results for four clusters, which
attained the most significant separation in the survival according to the
logrank test. This analysis uses 381 patients/WSIs with Lung Squamous
Cell Carcinoma (LUSC) from the TCGA dataset. The patient information
is provided in Table A.3.

The Kaplan-Meier survival estimations for both segmentation algo-
rithms and multiple parameter values are shown in Fig. 12. The para-
meter variations lead to significantly different survival curve shapes for
both algorithms. The Fowlkes-Mallows index [45] was used to assess
the agreement among clusterings for each algorithm using different
parameter values. For the level set based segmentation the index was
only 0.43, whereas it was 0.72 for the watershed segmentation. This
highlights important changes in patient grouping.

The logrank test was used to evaluate if the clusters have sig-
nificantly different outcomes, and how parameters changes impact
them. In the Level set case, only the Clusters 1 and 3 using OTSU=1.0
(Fig. 12(a)) are significantly different (P= 0.02), whereas other para-
meter values have generated indistinguishable clusters (smallest P-va-
lues found among all pairs of clusters were 0.16 for OTSU=0.5 and
0.46 for OTSU=1.5). In the watershed case, the survival analysis is
more stable. For instance, regardless of the parameter value used, it is
possible to distinguish at least between Clusters 1 and 2. We attribute
this to the smaller variations in the segmentation output from this al-
gorithm, as the input parameters are varied. However, the parameter
value used still impacts the significance between clusterings survival.

For instance, Clusters 2 and 4 have a more significant separation with
G1=5 (P= 0.06) as compared to G1=80 (P=0.18).

4. Discussion

In an increasing number of research studies Pathology imaging
features have been used to investigate relationships and correlations
between disease morphology and genomics signatures and clinical
outcome [7,16,46–52]. While all these works have made significant
discoveries using imaging features in basic, translational and clinical
research, neither of them have performed SA to investigate the stability
or uncertainty of the results/discoveries. However, we have shown that
changes in the segmentation parameters of correlative analysis work-
flows may lead to significant variations in conclusions, for instance, as
presented in our survival analyses.

The use of SMs has been proposed here as a strategy to reduce the
computation challenges of carrying out SA in the pathology image
analysis domain. As compared to the previous work [44] that compute
SA without the use of SMs, its use has reduced the computational cost in
up to 51×with a small penalty to the SA indices. SMs have been used
before in other domains [9–12,53,53]. Here, we adapt and evaluate
these strategies in a novel domain and show the benefits of their use.

Most of the related works have employed a single SM for a specific
application. In Ref. [54], however, multiple SM strategies are combined
to perform a better fitting of a nuclear system modeling application, so
that each SM strategy is used for a given parameter space subregion.
The experiments do not compare the SMs individually, but they show

Fig. 13. Image patches (300×300 pixels) from the used cancer types. Segmentation results as the G1 parameter is changed shown along with the differences in the
segmentation as compared to the manually optimized parameters for each parameter value.
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that GP and MARS are selected for most of the subregions since they
have the overall best performance. These results agreed with our ob-
servations as GP and MARS have also attained the best results in our
domain. Other works have had multiple challenges in achieving using
SMs based on NN [55] and RBF [56] due to aspects that include com-
plexity of tuning the strategy and domain dimensionality.

We also show that impact of the parameters in the segmentation
results vary according to the cancer type evaluated (Section 3.3). To
show the impact of parameters across image types, we extracted a small
patch from each image type (Fig. 13) in our dataset. The G1 parameter
from the watershed workflow, for instance, has a smaller impact in
GBM. It is used for candidate object set identification. Because there is
high color difference between the boundary and interior of a nucleus in
GBM images, the thresholds performed with G1 with respect to such
variations tend to identify foreground pixels similarly regardless of the
parameter values used. To show this in practice, we present segmen-
tation results in Fig. 13 as the G1 value is changed. For each G1 value,
the segmentation results computed and the differences from these re-
sults to the ones using the default (manually optimized) parameters are
shown. The changes in the GBM results (shown in red in the difference
image) are smaller than those observed in other cancer types, agreeing
with the SA indices.

For both workflows, parameters associated with the candidate ob-
ject detection phase have been identified as the most important in the
SA. Previous works [57–59] have highlighted that the robustness of this
phase of the application is essential to attain good segmentation results.
Here, on the other hand, we quantify the effect to the overall seg-
mentation results due to parameter changes on that phase (and others).
We noticed that the problem with this phase is not only in the differ-
ences in the number of objects found (e.g., 18% smaller for G2=80 as
compared to G2=5 with the watershed workflow), but also with the
initial shape of the detected object that will significantly affect the final
shape of the objects segmented and features computed for them.

An important limitation of our work is that while we are able to
measure parameter sensitivity in the segmentation phase and we have
shown that it significantly impacts other phases of the application
(correlative analysis), our current studies and methods can not sys-
tematically measure the propagation path from the segmentation to the
correlative results. We imagine that being able to identify the dynamics
and effects of the uncertainty propagation over all phases of the ap-
plication is important to mitigate its impact. This is one of our main
future research directions.

5. Conclusions

We have evaluated the use of SMs to accelerate SA studies in mi-
croscopy image segmentation workflows. In the analysis using the
watershed based workflow, the SMs based VBD SA improved the study
performance in about 51× and computed SA indices with an error
(MAE) of only about 0.022. For the level set based segmentation
workflow, our approach achieved performance improvements of about
24× , while the MAE remains about 0.02. We have also shown that
changes in important parameters of the segmentation, identified in the
SA studies, significantly affect other phases of application, such as,
downstream correlation analysis. Furthermore, with the increasing use
of pathology image analysis, the techniques and strategies proposed
have potential to enable more routinely use of SA in the domain.
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