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ARTICLE INFO ABSTRACT

Keywords: Objective: Ovarian cancer is a significant health issue with lasting impacts on the community. Despite recent
Cancer screening advances in surgical, chemotherapeutic and radiotherapeutic interventions, they have had only marginal
Supervised machine learning impacts due to an inability to identify biomarkers at an early stage. Biomarker discovery is challenging, yet

Medical informatics

: . essential for improving drug discovery and clinical care. Machine learning (ML) techniques are invaluable
Evaluation study as topic

for recognising complex patterns in biomarkers compared to conventional methods, yet they can lack physical
insights into diagnosis. eXplainable Artificial Intelligence (XAI) is capable of providing deeper insights into the
decision-making of complex ML algorithms increasing their applicability. We aim to introduce best practice
for combining ML and XAI techniques for biomarker validation tasks.

Methods: We focused on classification tasks and a game theoretic approach based on Shapley values to build
and evaluate models and visualise results. We described the workflow and apply the pipeline in a case study
using the CDAS PLCO Ovarian Biomarkers dataset to demonstrate the potential for accuracy and utility.
Results: The case study results demonstrate the efficacy of the ML pipeline, its consistency, and advantages
compared to conventional statistical approaches.

Conclusion: The resulting guidelines provide a general framework for practical application of XAI in medical
research that can inform clinicians and validate and explain cancer biomarkers.

1. Introduction to identify previously unknown patterns that could lead to discovering

clinically useful disease biomarkers [9-13]. However, with the rapid

There has been little improvement in survival rates of ovarian increase in advanced ML methods, it is not immediately clear which

cancer over the last 20 years. The major contributing factor to the methods should be used and how domain experts should apply them
high mortality rate is the lack of clinically useful biomarkers for earlier correctly.

detection of ovarian cancer, creating an urgent need for non-invasive, Biomarkers have received considerable attention because they show

specific biomarkers to identify patients at early stages. While no ovarian significant potential to improve outcomes in applications including

cancer test has been developed that is suitable for community-based
screening, evidence supports the hypothesis that certain epithelial ovar-
ian cancers may be detectable up to two years prior to their clinical
presentation [1-3]. Further advances will likely come from analysis of
historical data.

Machine learning (ML) [4] is an effective and efficient tool for
analysing the vast amount of data of various modalities generated from
abundant sources in medical science and health care [5-8]. Medical re-
searchers are exploring ML approaches to analyse data on a large scale

drug discovery and clinical care [14,15]. Cancer biomarker develop-
ment includes five key phases [16], including Phase (1) Preclinical
Exploratory Studies, Phase (2) Clinical Assay Development for Clinical
Disease, Phase (3) Retrospective Longitudinal Repository Studies, Phase
(4) Prospective Screening Studies, and Phase (5) Clinical Outcome
Studies. In the second phase, a clinical biomarker assay is established.
This is where ML models may have the most impact by discovering
hidden patterns in data that are useful for distinguishing different data

* Corresponding author.
E-mail address: jacob.huang@anu.edu.au (W. Huang).
1 Senior authorship.

https://doi.org/10.1016/j.jbi.2023.104365

Received 22 December 2022; Received in revised form 24 March 2023; Accepted 10 April 2023

Available online 14 April 2023

1532-0464/© 2023 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-
nec-nd/4.0/).


https://www.elsevier.com/locate/yjbin
http://www.elsevier.com/locate/yjbin
mailto:jacob.huang@anu.edu.au
https://doi.org/10.1016/j.jbi.2023.104365
https://doi.org/10.1016/j.jbi.2023.104365
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jbi.2023.104365&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/

W. Huang et al.

labels (the diagnosis) based on the training set ground truth classes (the
true presence or absence of the disease) that data instances (patients)
belong in a specific task (prediction).

In biomarker discovery, ML methods may provide a more systematic
way of making classifications compared to empirical methods, such as
the Risk of Ovarian Malignancy Algorithm (ROMA) metric that uses
logistic regression [17-21]. Better screening biomarkers are urgently
needed to identify more patients at an early stage, exceeding current
success rates of only 30% to 45% [22,23]. ML, however, can suffer from
the “black-box” problem [24-26], which refers to situations where the
results cannot be explained. This includes understanding the structure
of the model itslef, and the degree to which domain experts (who are
ultimately accountable) can trust the result and act on it accordingly.
This problem is exacerbated by the extreme complexity of the more
accurate ML methods that makes them harder to interpret or explain,
and is highly relevant to both ML and medical domain experts [27-30].
Research into explaining black-box models is referred to as eXplainable
Al (XAI), and presents a number of opportunities that can be leveraged
by the medical community [25,31].

While it is preferable to predict the risk of presenting with can-
cer, a priori cancer diagnosis is critical in complicated cases such as
ovarian cancer where more effective early detection assays are yet
to be established. Diagnosing cancer can be posed as a classification
problem where the goal is to build a high-quality classifier to predict
positive cases using biomarkers as variables. The quality of a classifier
can be measured by the sensitivity and specificity (or the area under
the curve of receiver operating characteristicc AUC-ROC score). In
sensitive medical applications, explainability is often required and the
need to understand the model can surpass the need for classification
ability. Choosing suitable models and analysis methods is therefore
important, since it ultimately balances the outcome explainability and
classification ability [32]. In general, less complex models (e.g., logistic
regression [33] or decision trees [34]) are easier to explain but have
poor classification ability compared to more complex models (e.g., neu-
ral networks [35] or random forests [36]). Classification ability and
explainability also depends on the data used, but a better understanding
of these capabilities can guide method selection. Data containing rela-
tively “simple” patterns may do not require a sophisticated algorithm,
and complex models may lead to unexpected overfitting [37]. When
this is the case, post-hoc analysis methods such as SHapley Additive
exPlanation (SHAP) [38] can improve the understanding of complex
models in a straightforward way that could inform the re-selection of
a more appropriate ML model.

The aim of this paper is to establish a best practice for select-
ing and applying ML methods for developing diagnostic assays that
make use of tabular data, with a particular emphasis on XAI. As we
will show, XAI can be especially valuable to clinicians as it provides
straightforward domain knowledge explanations for both biomarker
discovery and disease diagnosis. General ML workflows and guidelines
are most applicable to the second phase of biomarker development:
Clinical Assay Development, as identified by Pepe et al. [16]. Specif-
ically, we focus on model evaluation and analysis using SHAP, a game
theoretic XAI approach based on Shapley values, to address account-
ability issues from the medical, computer science, and even legislative
perspectives [39-44].

Our study results can be summarised in two ways. First, we propose
a guideline for adopting ML methods in biomarker discovery tasks that
takes the need for accountability into consideration when performing
the prediction task using XAI. Second, we demonstrate our pipeline on
the public CDAS PLCO Ovarian Biomarkers dataset [45] and obtain
results with both classification ability and explainability consistent with
previous literature. By using Shapley values in biomarker validation
tasks, we show how a domain understanding of ML algorithms is
straightforward to establish.
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2. Methodology

A general ML pipeline includes the following steps: (1) data collec-
tion, (2) data preprocessing, (3) model selection, (4) model training,
(5) result evaluation, and (6) application [46,47]. While there is no
“one best” approach for all problems, we summarise techniques and
common pitfalls and propose general steps for researchers to consider
when applying ML to cancer biomarker discovery. We also highlight
where and how to include XAl

2.1. Data collection

Data collection consists of data acquisition, data characterisation
(often referred to as feature extraction), data cleaning and processing,
data labelling and data improvement (often referred to as feature
engineering) [48].

To make data collection explainable, it is preferable to actively
use domain knowledge. Meta-data, such as the inclusion criteria for
a patient cohort, key dates, measurement methods, asset numbers of
details of instrumentation and attribute descriptions, inform subsequent
decisions, such as choosing feature engineering criteria or base models.
For example, if an underlying trend based on the date a sample was
taken is discovered, this can be accounted for in a model, or removed
in a calibration process.

The PLCO Ovarian Biomarkers dataset was well established via
clinical trials, where 113 cases and 894 non-cases exist after removing
missing values. With abundant literature discussing the biomarkers
recorded in this dataset [17,49-52], there is sufficient domain knowl-
edge. The dataset has rigorous inclusion criteria, variable descriptions,
protocols and many domain specific metadata that provided further
modelling processes with a transparent background for examination.

Ethical approval (Protocol 2022/261) was obtained from the Aus-
tralian National University Human Research Ethics Committee to use
the dataset for the purposes of this study. No new data were collected.

2.2. Data pre-processing

While actions such as dealing with missing data, data integration
and data standardisation fall under the data pre-processing category,
dimensionality reduction techniques, such as feature selection, have
been given greater attention because they closely relate to the model
training and evaluation, and they directly affect explainability since
variables could be removed from a dataset. Variable removal often
implies lower correspondence with the classification goal, but can also
have significant implications on how the ML model uses the remaining
variables.

Data preprocessing should only be performed on the training set,
with the test set left out. Missing values are either interpolated or, as
in this study due to their random distribution, removed. Variables in
this study were also normalised to have a consistent range. Implications
of all variables recorded in the dataset have been discussed in the
domain literature [20,50,53-55]. To make the most of the information
in this case study, two variables were removed as they were highly
correlated (>90%) with other variables in the dataset (removing pan-
elc_igfbpii nml Ip_log and panelc_slpi_log to retain panelc_igfbpii nml Ip and
panelc_slpi). This step reduced redundancy while retaining the most
useful information.

2.2.1. Dimensionality reduction

Dimensionality reduction is used to balance classification ability
and computational resource requirements. High dimensionality risks
increasing the training time and overfitting the result, while low di-
mensionality risks impairing the classification ability due to a lack
of information. Methods for dimensionality reduction includes feature
extraction and feature selection [31,32]. For medical applications the
choice of dimensionality reduction method is important since feature
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extraction methods, such as Principle Component Analysis (PCA) [56],
are generally not explainable, while feature selection methods retain
the potential for explainability. Choosing the right variables can en-
hance the explainability of a model by providing a clearer relationship
between variables and classification goals, while also reducing the cost
of data collection and model training.

Feature selection can be guided by domain knowledge. It is very
likely that biomarkers have non-linear relationships with the classifica-
tion goal and more complex models are required for deeper analysis.
For example, if a uni-variate feature selection algorithm [57] is adopted
without considering domain knowledge implications, more nuanced
non-linear variables may be automatically eliminated. Recovering and
retaining those variables would increase explainability, even if the
model’s classification ability was unaffected.

At this point it is important to note that any feature selection algo-
rithm should be determined based on the training dataset only [58].
The training and test datasets should contain consistent variable types
although their values might have different distributions. A good feature
selection criterion should be universal on the population and this can
only be achieved by ensuring test set is not exposed to the process.

In our case study, we apply a random forest classifier to select the
top 20 variables with highest relative feature importance (FI) [59] from
the dataset and use only those for the modelling process (Table B.4). A
random forest classifier provides inherent feature importance profiles
from its training result. Compared to other models, such as logistic
regression or decision tree, that also generate such profiles, a random
forest has the advantage of involving randomness in the process, which
makes the result more general. Choosing 20 variables balances the need
for reducing the dimensionality and considering potential contributions
of statistically less significant variables. Other choices could be made
depending on computational resource limitations.

2.3. Model training and evaluation

After the training and test data split, a further split of the whole
training population into training data and validation data specifically
for each training iteration is essential. The term “validation”, as used
by many medical researchers as the final performance evaluation is
similar to “testing” in ML (e.g., see differences in [60] and [61]). In ML,
however, it refers a process where intermediate models are “validated”
on part of the training dataset hidden for that optimisation iteration.
This validation data is held aside from other training data to emulate
a situation where it has never been exposed to the model [61]. The
validation data is usually a randomly selected subset of the whole train-
ing population (e.g., 10% of the whole training population, selected
randomly). In extreme cases where a dataset is very small it can even
be only one instance (i.e., Leave One Out validation [62]).

Model training is highly automated with the exception of hyper-
parameter tuning, which is the process for finding the best hyper-
parameter combinations. Hyper-parameters are parameters used in
ML models that needs to be set before the training process in or-
der to modify model behaviours. Finding the best hyper-parameter
combination for a problem can be complicated as there are infinitely
many combinations. Historically, ML experts would manually create
several combinations for the model to train with and identify the best
combination among them. This method, however, is inefficient and vul-
nerable to human bias. To avoid this, ML experts now use grid-search,
random-search and Bayesian optimisation [63-65] for this purpose. It is
essential that this process is only performed on the training set. Changes
in hyper-parameters can affect results significantly as we can see in the
comparison of Figures Fig. 2(c) and Fig. 2(d) where the first is tuned
and the second has all but one hyper-parameter manually assigned.

When evaluating the final model, a test score is calculated on the
test set (see Fig. 1). Test scores are generally lower than validation
scores because they are completely hidden from the model optimisation
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Fig. 1. Data flow of a training, validating, and testing process. SHAP explanation
process is not part of the model optimisation and acts as an external component tool
specifically for model explanation. It is also illustrated to share its position in the
pipeline.

process and subject to randomness. The test score is a representation on
how a model performs when encountered with random unseen data.

The combination of the test set and validation set can indicate
the presence of any model overfitting [66], which occurs when the
model fits to the training set so well that it loses its generality on the
whole population. This occurs when the model is too sophisticated and
starts to fit to the noise. By reporting the validation score after every
optimisation step, overfitting can be identified when the validation loss
and testing loss start to diverge. In biomarker discovery, classification
ability is usually measured by AUC-ROC scores because of its semantics.

Being human-centred and highly case-dependent, explainability is
hard to capture by mathematical formulae. It is highly subjective and
the utility depends on the application [67]. The most active area of XAI
research focuses on post-hoc explanations [68,69] that provide partial
quantification on this requirement. A variety of visualisation methods
have also been developed to assist users [70].

Shapley values, mentioned above, can be used to determine the
relative marginal contribution of a variable towards an individual
decision by a ML model (see Appendix A). One of the advantages of
Shapley analysis is the level of specificity it affords. SHAP assigns an
importance score to individual variables, each belonging to a specific
biomarker for each and every patients. In addition to explaining the ML
model and why it performs in a certain way, this introduces the possi-
bility of explaining individual measurements and potentially informing
treatment plans. These explanations do not, however, relate to validity
of the model or have semantics themselves. They are only meaningful
when joined with medical knowledge, where invalid contributions
could also be observed by clinicians. This is also particularly relevant
to personalised medicine [71].

While there is a broad range of literature and techniques for ex-
plaining the results or outputs of models including LIME [72], Shapley
values and SHAP [38], counterfactual explanations [73] and many
more [74-76], Shapley values have a strong theoretical foundation,
are model-agnostic, and satisfy key properties of human intuition and
reasoning. Shapley based approaches are becoming one of the most
widely used explanation techniques and have seen application in many
domains [77,78] including healthcare [79].

In our case study, the dataset was split into a training and test set
with 80% and 20% of the total data population respectively. All data
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Table 1
p-value and effect size (Cohen’s d) for variables (see Table B.4) ranked top 5 by SHAP.
Ranking Variable Name p-value Cohen’s d
1 panelb_cal25 6.3053 x 10710 1.0136
2 panelb_he4 3.7194 x 10~ 1.3069
3 panelc_cal25 log 1.1866 x 107! 1.3287
4 panelc_cal25 1.1866 x 10711 0.8452
5 panelc_he4 _log 4.7180 x 10~° 1.0269

pre-processing and training was done purely on training set, with only
the final testing carried out on test set. A random search optimisation
technique and 10-fold cross-validation was used in both decision tree
and random forest training to ensure stability and optimal performance.
Classification ability was measured using AUC-ROC score and model
explanation was generated using SHAP with both local and global
fidelity.

2.4. Multi-label alternative

In this case study, only binary labels were considered. However, if
multiple labels exist (e.g., considering different stages or different sub-
types), minor adjustments needs to be made. This includes, but are not
limited to, collecting more data, using multi-class classifiers, and using
adjusting evaluation metrics as a multi-class AUC-ROC score requires
binarizing the output. SHAP could be used in a multi-class scenario but
interpreting it becomes more computationally challenging.

3. Result

Code used for generating these results can be found at: https://
github.com/jacobvons/PLCO-paper-data-analysis.

3.1. Statistical analysis

In this study, ML provided an extremely effective tool to classify
ovarian cancer with statistically significant gains against its algorithmic
benchmarks. We used the results from conventional statistical tests as
a baseline to highlight the efficacy of our ML methods.

We set the null hypothesis (H,) as there being no significant dif-
ference in the distribution of the variable values as observed on the
“healthy” and “case” cohort in the dataset. Type I error rate (a) of the
test was set to be 5% following statistical conventions, and reported
as-is with no adjustment to « for multiple comparisons. We used Mann—
Whitney U test [80] to verify the results generated by SHAP. By
calculating the p-value and effect sizes as Cohen’s d [81] for the top-5
ranked variables as shown in Table 1; a conventional rule is to consider
a Cohen’s d of 0.2 as small, 0.5 as medium, and 0.8 as large [82]. The
4th ranked variable had a large effect size while the other top-5 ranked
variables had extremely large effect size. This means that the effects of
these variables on distinguishing “healthy” and “case” instances in the
dataset were extremely strong and significant.

To further validate the ranking of the variables, we compared
p-values and effect sizes of the top-ranked and the bottom-ranked
variables (see Table 2). To conclude, the least important variables
had significantly larger p-values and much smaller effect sizes than
those of the most important variables. This means that the ranking was
meaningful and consistent from a statistical perspective.

A comparison of FI ranking generated by the SHAP values and
p-values was measured using the Wilcoxon Signed Rank test. There
was no statistically significant difference between the two rankings,
with a p-value of 0.97, meaning SHAP values generated FI profile
was valid when compared with previous methods. Clear similarity in
the ranking was observed especially in the top-eight ranked variables
(see Table 3). Differences in the ranking are due to the difference
between the two methods, SHAP values take intra-variable interactions
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Table 2
p-value and effect size for the least important five variables (see Table B.4) as ranked
by SHAP.

Ranking Variable Name p-value Cohen’s d

16 panelb_cal5_3 0.0001 0.6477

17 paneld_hepc 0.4455 0.0397

18 panele_ mmp_3 0.1562 —-0.0285

19 paneld_apo 0.2936 -0.0121

20 paneld_tt 0.4154 0.0018
Table 3

Comparison of rankings generated by Shapley values and p-values. See Table B.4 for
variable names.

Ranking by Shapley values 1 2 3 4 5 6 7 8
Ranking by p-values 5 1 3 4 6 2 7 8

into consideration when calculating contribution while p-values only
measure the impact of single variables. This also means that statistically
insignificant variables can be considered important when measured
using the SHAP values.

A statistical advisor from the Australian National University Statis-
tical Support Network (SSN) was involved in both the analysis design
and outcome reporting.

3.2. Result evaluation

Evaluating the result is essential for obtaining a holistic view of the
model performance. Results from the three models (logistic regression,
decision tree, and random forest) were evaluated from classification
ability and explainability perspectives to mimic a real application
scenario. Testing results of the three models are shown by the ROC in
Figures Fig. 2(a), Fig. 2(b), and Fig. 2(c). It is straightforward to see
from the AUC that the random forest exhibits the best predictive be-
haviour. In a real world application, if a researcher finds this accuracy
acceptable, the next step is to understand the predicting process and
make decisions based on domain knowledge.

Both logistic regression and decision trees are interpretable. Weights
in logistic regression represent the contribution of specific variables to
the result. Relative FI of variables can be obtained by analysing the
weights, where greater absolute value means more contribution. Nodes
in decision trees represent its splitting conditions. The earlier a variable
appears in its tree structure, the more important it is in splitting the
classes.

To explain the random forest, we used SHAP to calculate variable at-
tributions with both local and global fidelity. Fig. C.5 provides a global
view of the random forest in this case study. Variables such as CA-
125, HE4 and their statistical variants are ranked high in Fig. C.5 (see
Table B.4 for variables), meaning these variables are most important in
distinguishing healthy participants from patients. The ROMA algorithm
using these two biomarkers is the state-of-the-art algorithm for assess-
ing the likelihood of malignancy and need for surgery of an adnexal
mass, specifically from an ovarian cancer perspective [18,20,21]. This
further validates the effectiveness of the approach using SHAP.

Moreover, relationships between the variables and the SHAP values
were obtained by analysing the result from Fig. C.5 where dots are
data instances. For example, panelb_cal25 had many SHAP values well
below model average, meaning those instances contribute negatively to
the predicted value. The same instances also posed high variable values.
This means a high panelb_cal25 value contributes towards a negative
classification result. For the same variable, we could also see high
values contributing positively to the result, which seems contradictory.
These controversial instances and their implications to the classification
could be further analysed with local fidelity on an instance level. There
could be something special about these particular participants.
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Fig. 2. Comparison between different AUC-ROC.
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Fig. 3. Training instance one. Probability of being class non-case is 95%, ground truth of the instance is “non-case”.

With a local fidelity, SHAP values identify contributions to classi-
fications made on specific instances and variables to highlight unique-
ness. This potentially explained why specific variables are different. For
example, the variable contributions to the model classification of the
first and second instance in the training set were compared in Figs. 3
and 4.

In the case of the first training instance, the top nine variables
were all positive but provided only small contribution to the clas-
sification. With the variable values shown on the left, we conclude
that during the training phase these variables contributed towards a
correct classification. Relying simply on this one instance might not
provide a holistic view. In Fig. 4, an elevated value of CA-125, as



W. Huang et al.

= panelb_cal25 -0.35

panelc_cal25_log
panelc_cal2s
panela_ca_125
panelb_he4
panela_mif
paneld_b2m
panelb_ca72_4
panelb_ov_110

11 other features

Journal of Biomedical Informatics 141 (2023) 104365

-o|

0.0 0.2

T T

0?4 0?6 0j8 10
EIfiX)]

Fig. 4. Training instance two. Probability of being class non-case is 9.6%, ground truth of the instance is “case”.

shown in the top two rows, had a significant contribution towards
the classification of and instance being a positive case, which was
correct. CA-125 contributed most towards the correct classification in
the second instance as well. Different values of CA-125 changed the
contribution significantly, for example, an elevated value consistently
pushed the classification towards being a ‘“case”. Based on this, a
confident conclusion is that CA-125 is an important biomarker in the
classification of ovarian cancer. Similarly, when combined with HE4,
the class was often closer to the ground truth, meaning it was preferable
to use these two variables together when making a classification, which
aligned with domain knowledge of ROMA having better behaviour
than CA-125 alone [18,20,21]. Such alignment of results provided
convincing evidence that the underlying ML method can be trusted.
It could also inform a personalised treatment plan, where the influence
of certain biomarkers in certain patients is stronger or weaker.

In summary, the case study demonstrated a workflow from data
collection to result evaluation through using classification and XAL
During the process, we discussed, explained, and justified key decisions
in the pipeline that help make the result more explainable. To evaluate
the results, we gave examples of some of the ways SHAP results can be
interpreted and utilised in combination with domain knowledge. This
pipeline was effective, general, and applicable to any similar tabular
set of biomarkers.

4. Conclusion

In this paper, we outlined a general ML pipeline combining conven-
tional machine learning with Shapley analysis as an explanation tool
for the biomarker discovery tasks in the medical domain. With a case
study using the PLCO Ovarian Biomarkers dataset, we demonstrated
effectiveness of the pipeline as well as its consistency with conven-
tional statistical analysis result and agreement with established domain
knowledge.

While many of the issues with explainable techniques [68] are
also relevant to Shapley values, such as the interpretability gap and
the locality problem, they are much less relevant in the context of
this study. We advocate for the feature explanations to be presented
at the end of the ML pipeline to be used in conjunction with all
other relevant aspects of the given study. This information, just like
any other domain information, needs to be carefully inspected and
challenged [83]. While there are issues associated with Shapley values,
there is significant research progress regarding the improvement of
existing techniques [84,85].

One limitation of using Shapley analysis is the higher computational
cost, especially on big cohorts with a large number of variables. XAI

will take longer than conventional statistical tests, but the time cost
can be mitigated by using dimensionality reduction methods as well as
special Shapley value approximation algorithms (e.g., SHAP).

A major advantage of Shapley analysis compared to conventional
statistical tests is the enhanced explainability of the results. Closely
related to accountability issues in medical science, it provides an extra
layer of trust to domain experts. When combined with medical data,
Shapley values enhance the utility of ML methods for hypothesis gener-
ation in addition to hypothesis testing [6]. There is also some evidence
to suggest that such explanations inspire some degree of understanding,
awareness, and trust, particularly for those with domain knowledge in
the given task [86,87].

Challenges also arise from several aspects of XAI in medical ap-
plications. First, Shapley values provide feature importance but not
knowledge. Proper domain knowledge needs to be associated with the
Shapley values to gain insights. Second, there is currently no universal
definition of explainability across or within domains. Evaluating the
outcome is still highly human-centric, which brings risks and instability
into the system. New metrics are required to definitively verify “true
intentions” of ML models with explanation provided by XAI. Further,
Shapley analysis infers correlation but not causal relationships between
variables and labels, which makes the “true intention” analysis more
important. Finally, it is also worth noting that Shapley analysis is
a post-hoc analysis tool, meaning it would not improve the model
classification ability and should only be used to explain a diagnosis
after it is made.

In this study, we developed a simplified ovarian cancer diagnosis
model using binary labels. In reality, there are multiple stages and
types of the disease. Currently, early detection, focusing on stage I and
11, is the most immediate concern in clinical practices. Also, although
epithelial ovarian cancer is the most common sub-type, other sub-types
including germ cell tumours and sex cord stromal tumours are as fatal.
It is essential even at the initial stage of data collection that researchers
are aware of these subtypes.

It is worth noting that the results from this study have not been
compared with those from existing literature generated from methods
such as ROMA. Some meta-analysis has shown that ROMA has speci-
ficity and sensitivity as high as more than 90% [88-90] while in this
study, AUC-ROC score for an optimised random forest classifier is only
71%. However, no ROMA results have been reported for the PLCO
Ovarian dataset so a direct comparison is not possible. Since ROMA is
a deterministic method while a ML approach depends on randomised
and repeated experiments, dataset quality, including (but not limited
to) sample size and sample generality provide added explanations
unavailable to ROMA.
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Table B.4
Top 20 most important variables as selected by the random forest classifier.
Ranking Variable Name FI Description
1 panelb_cal25 0.09998 CA-125 (U/mL)
2 panelc_cal25 0.05858 CA-125 (Fold Change)
3 panelb_he4 0.05183 HE4 (nM)
4 panelc_cal25_log 0.05000 CA125 (Log Transformed Fold Change)
5 panelc_he4 0.04486 HE4 (Fold Change)
6 panelc_he4_log 0.03934 HE4 (Log Transformed Fold Change)
7 panela_ca_125 0.03618 CA-125 (IU/ml)
8 paneld_hepc 0.03132 Hepcidin-25 (TIC)
9 panela_mif 0.02848 MIF (pg/ml)
10 panelb_ ov_110 0.02671 OV-110 (pg/mL)
11 panelb_kIk6 0.02560 KLK6 (ug/L)
12 panelc_spondin2 _log 0.02547 Spondin2 (Log Transformed Fold Change)
13 panelb_ca72_4 0.02478 CA72.4 (U/mL)
14 panelb_cal5_3 0.02283 CA15.3 (U/mL)
15 panelc_slpi 0.02215 SLPI (Fold Change)
16 paneld_tt 0.02102 Transthyretin (TIC)
17 paneld_ctap 0.02075 CTAPIII (TIC)
18 panele_ mmp_3 0.02039 MMP-3 (Scaled Fluorescent Intensity)
19 paneld b2 m 0.01998 Beta-2-microglubulin (TIC)
20 paneld_apo 0.01960 Apolipoprotein A-I (TIC)
High
pan9|b7C8125 - . R " memm o . . F-
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Fig. C.5. Global variable attribution and FI ordering using SHAP. The difference of ranking compared with Table B.4 is caused by different measurement, where Table B.4 relies
on inherent training mechanism (e.g., gini-index or impurity reduction) and this plot uses Shapley values. Similarity is related to the contribution towards a good separation.

In general, this approach has broader implications for both com-
puter and health sciences. For the medical community, this work
provides a clear guideline for adopting ML methods in research stud-
ies, especially when accountability issues are an imperative. For the
computing field, this work highlights areas that would benefit from
improvements, such as reducing resource requirements to make SHAP
faster and more efficient. Working together with best practices, medical
domain experts and computer scientists may be able to advance the
discovery of novel disease biomarkers through the use of explainable
models.
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Appendix A. SHAP

For a particular variable i on a particular model f, its Shapley value,
¢;, can be computed as variable attributions for the weighted average
for all possible variable subsets .S:

[SILAF] - 1ST- D!

[F|! [fSU“}("Sum) —Js (xs)] (A1)

¢ =

SCF\{i}

where f is a model trained without the particular feature i, fg,;, is
a model trained with feature i, and xg, xg,;, are the values of the
feature inputs. Compared to calculation using definition of Shapley
values directly, a less computationally intense and more widely used
framework is SHAP, described in [38].

Appendix B. Variable importance profile
See Table B.4.
Appendix C. Global SHAP
See Fig. C.5.
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