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ARTICLE INFO ABSTRACT

Keywords: Optimal treatment recommendation for metastatic castration-resistant prostate cancer (mCRPC) are inherently
Cancer metastasis diverse, being contingent upon individual patient response. Furthermore, treatment efficacy in specific patient
Caulsal ‘ntf‘;reme cohorts can be influenced by confounding factors. Considering the substantial genetic heterogeneity among
Explainable AI

patients, generating population-level generalizations may compromise the precision and clinical applicability of
predictive models. This study examines the prediction of treatment-induced adverse events in mCRPC patients
using Explainable AI (XAI), focusing on both global and local levels of interpretability. Machine learning and
other computational tools are often perceived as "black-box" techniques, largely due to the challenge of linking
their internal processes to the final model outputs. Consequently, XAI offers crucial insight into the specific
features that the algorithms prioritize for prediction, thereby illuminating the opacity and decision-making
intricacies of these "black-box" models. Furthermore, causal inference was used to identify the attributes that
specifically precipitate adverse events in patients with a smoking history. This analysis demonstrated that
testosterone levels, prior analgesic use, and calcium levels act as confounders for adverse events within the
smoking patients subgroup. The integration of causal inference and XAI establishes a robust and interpretable
framework for making personalized treatment decisions in cancer care.

Machine learning
Sensitivity analysis
Treatment effect

1. Introduction include prostate cancer metastasizing in the bone [5] and colorectal
cancer metastasizing in the brain [6]. In many cases, this is also referred

Metastasis involves the movement of a tumor from a primary loca- to as Stage IV cancer [7].
tion to a secondary location. Metastatic cancer is the type of cancer that A lot of research has been carried out on different metastatic cancer

spreads from its original location to a distant part of the body, provided
that there are conditions available that are necessary for its growth [1].
Glutathione (GSH), an antioxidant found in living organisms, can also
promote tumor progression and increase metastasis when found in
excess in the body [2]. Metastasis is the primary cause of death in

types based on their location. Some of these include prostate cancer [8,
9], brain cancer [10], breast cancer [11], bone cancer [12]. Although
some treatments are used for metastatic patients, these treatments are
majorly used for controlling or suppressing the growth of the tumor,

cancer patients [3]. The 2025 estimated number of new cancer cases or palliative type of treatment that aids relief by improving quality
in the USA is 2,041,910, and the estimated number of fatalities is of life. It is essential to choose the most suitable treatment according
618,120 [4]. There is a need to manage and control cancer to prevent to the patient’s response to treatment. Current research trends on
metastases effectively. The detection of metastatic cancer is done based metastasis involve the disruption of the enabling environment, which
on the tumor cells. The tumor cells have features of the cells of the allows the spread of cancer cells [13], identifying and detecting the

primary tumor location instead of the metastatic location. Examples
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specific genetic modifications in tumors [14], and building the immune
system against cancer [15].

Due to the possible heterogeneity of cancer, the tumor might con-
tain different cell collections with unique molecular signatures, which
exhibit differences in sensitivity to treatment. This property of hetero-
geneity contributes to resistance and informs the need for accurate
tumor heterogeneity assessment for the determination of correspond-
ing effective therapy [16]. The available therapies and treatment for
metastatic cancer often lead to tumor progression and treatment fail-
ure due to evolving resistance to treatment [17]. This often leads
to degradation in the quality of life. Mechanisms related to specific
metastatic cancer types can sometimes contribute to this treatment
resistance [18]. Determining the optimal treatment recommendation
is critical to maximize patient outcomes while minimizing the risk of
adverse events and unnecessary healthcare costs.

Breakthrough in the application of machine learning, deep learning,
and ensemble of methods has enabled the application of efficient solu-
tions to problems in cancer research. Specifically, for metastasis, studies
have been conducted where machine learning has been used for the
prediction of survival and metastasis in patients [19-21], optimization
of metastasis prediction methods [22,23], and comparison between
methods [24-26]. The comparison by Wang et al. [26] reveals that
the deep learning method used is not a significant improvement over
classical machine learning methods and human specialists.

Causal inference, SHAP (SHapley Additive exPlanations) insight,
and tree-based machine learning algorithms are powerful methods for
predicting treatment outcomes and personalizing treatment decisions.
Causal inference is a statistical framework that enables researchers
to estimate the causal effect of an exposure or intervention on an
outcome, while controlling for confounding factors. SHAP is a model-
agnostic technique that provides interpretable explanations for the
predictions of machine learning models, which can help clinicians and
researchers understand the relative importance of different attributes in
predicting patient outcomes. Tree-based machine learning algorithms,
such as random forests and gradient boosting, are flexible and powerful
methods that can handle complex interactions between attributes and
can be used to develop predictive models for treatment outcomes.

In this study, we aim to predict the possibility of treatment-induced
adverse event for mCRPC patients by using tree-based machine learning
algorithms, SHAP explanation, and causal inference. Specifically, we
will use electronic health records data of mCRPC patients who received
docetaxel to train and validate several machine learning algorithms
to predict treatment discontinuation. In addition, we will also use
SHAP to interpret the importance of patient’s history and other clinical
attributes in predicting patient outcomes. Finally, we will estimate
the causal effect of treatment on patient outcomes, including overall
survival.

The integration of causal inference, SHAP, and tree-based machine
learning algorithms can provide a comprehensive and interpretable
approach for personalized treatment decision-making in cancer care.
This study has the potential to inform clinical practice and improve out-
comes for mCRPC patients by identifying the optimal treatment recom-
mendation and facilitating personalized treatment decisions. In essence,
risk stratification based on treatment continuation or discontinuation
can be deduced.

2. Data description and visualization

The dataset used in this study was retrieved from Project Data
Sphere [27]. It contains a record of metastatic castration resistant
prostate cancer (mCRPC) patients in a Phase III clinical trials of do-
cetaxel treatment. The dataset is a multicohort collection of three
other datasets namely, Ascent-2, Celgene, and Venice dataset. Ascent-2
cohort is from Memorial Sloan Kettering Cancer Center. Celgene cohort
is from Celgene, and Venice is from Sanofi. Models built with multico-
hort dataset provide more stability and robustness while maintaining
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superior performance compared to models built with single-cohort
datasets [28]. The dataset contains the records of 1600 patients with
131 attributes. These attributes cut across the metastasis location,
patient’s lab values, demography, prior procedures, prior medications,
and medical history (prior diagnosis and prior disease). For initial
cleaning, we removed seven attributes, which are either identifiers,
empty, or replicate of another column. Hence, we were left with 124
attributes. In addition, we filled some missing binary attribute cells
as stipulated in the data dictionary. Regardless, some of the attributes
have a high percentage of missing values as shown in Fig. 1.

In subsequent analyses, we handle the missing values using multiple
imputation strategy. The dependent attribute which is the outcome to
be determined is the “DISCONT” attribute. This indicates whether a
patient should continue or discontinue the treatment.

3. Materials and methods

The hardware specification for all analyses are as follows: Windows
10 64-bit Operating System running on X64-based processor computer
with 16 GB RAM. Processor specification is Intel (R) Core (TM) i7-
10510U CPU @ 1.80 GHz. Analyses in this study were carried out using
Microsoft Excel, Python, and R programming languages with several
packages such as scikit-learn, shap, grf, and plotly. A flow diagram
which depicts the workflow is shown in Fig. 2

3.1. Data preprocessing

For accurate analysis, the dataset was cleaned and preprocessed
accordingly. The data dictionaries associated with the data provided
the necessary guidelines for filling in some of the missing information.
Attributes which do not contribute to prediction analysis, including
patient’s masked ID and cohort name, were removed. The attributes
with missing values were filled using a multiple imputation method.

3.1.1. Multiple imputation by chained equations

For the imputation of other relevant missing values, instead of
the single imputation methods such as mean, median and mode, we
have used a multiple imputation method [29]. The multiple imputation
method is used to address the problem of standard errors that arise from
the use of traditional methods such as single imputation methods. By
using multiple imputation method, a valid and unbiased estimate of
missing data can be made from the available data based on associa-
tion [30]. Also, compared to traditional methods used for handling with
missing data, multiple imputation helps to retain information and deals
with the issue of systematic dropout [31].

In this study, the specific multiple imputation method we used is a
variant of Multivariate Imputation by Chained Equations (MICE) [32].
The variant used is the K-Nearest Neighbor (KNN) imputer, in which
the values of the k-nearest neighbors of a sample with missing values
is used to estimate the missing values for such samples. In this study,
we have set our parameter k as 5, and the similarity metric as the
Euclidean distance. The technique generates multiple imputed datasets
before combining the datasets into a single estimation of the missing
values.

3.1.2. Multicollinearity

The variance of coefficient estimates can increase due to mul-
ticollinearity. This increase in variance intensifies the sensitivity of
the estimates to minor changes in the model. Multicollinearity occurs
when there are correlations between several independent attributes in
the data. The existence of multicollinearity among the independent
attributes makes statistical inference from the model less reliable. Al-
though multicollinearity might not affect the accuracy of a model, it can
affect the interpretability and make it difficult to determine the effect of
each attribute on the model. To detect attributes with multicollinearity,
we use the Variance Inflation Factor (VIF), as explained in Appendix
A. The importance of multicollinearity detection is attributed to the
reduction it causes to the statistical significance of the independent
attributes.
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Fig. 1. Rate of missing values per attributes.
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Fig. 2. A flow diagram depicting the workflow.

3.1.3. Feature scaling

Due to the irregularity of the range of values in each column, a
large ranged feature can dominate another feature with small range,
thereby affecting the contribution of each column to model fitting.
To address this, the features were scaled using the Min-Max feature
scaling method. The min-max method, also known as unity-based
normalization helps to keep the range of values of the data between
the points [0,1]. The min-max feature scaling method for each column
is calculated as shown in Eq. (1).
X = X = Xmin_ a

X max ~ X min

where: X is a feature vector, X
and X,

max 1S the maximum value in the column,
min 1S the minimum value in the column.
3.1.4. Oversampling

An imbalance in data sample labels is a problem, especially with
analyses involving health data. It may result in misleading performance
of the model, especially when accuracy is needed. To build a robust
model, it is important to train the model based on balanced data. Over-
sampling is a technique which can be used to increase the number of
minority samples. It is better than undersampling since undersampling
can cause important information to be discarded due to the reduction of
the majority class. In this study, we use Adaptive Synthetic algorithm

(ADASYN) [33], as explained in Appendix B. This algorithm helps to
overcome overfitting as it does not simply duplicate the minority class,
but generates samples that are harder to learn.

3.2. Machine learning algorithms

We used eight different machine learning algorithms for analysis.
We focused on the categorical boosting (CB), (also known as Catboost
algorithm) for the SHAP analysis, and random forest (RF) was used in
the causal inference analysis (CausalForest is an extension of random
forest). Apart from the aforementioned, the other algorithms used for
comparison are support vector machine (SVM), KNN, gaussian naive
bayes (GNB), gradient boosting machine (GBM), logistic regression
(LR), and gaussian process classifier (GPC). Each of these algorithms
possesses hyperparameters which are tuned during training with cross
validation.

3.3. SHapley Additive exPlanations (SHAP)

Although sophisticated models are being built for prediction and
modeling using high performing machine learning algorithms, getting
insights into the operation of the models is just as important for
interpretation. Shapley Additive exPlanations (SHAP) value (or Shapely
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Value) is a game theory-based framework, which is theoretically well-
founded [34]. It is a framework which uses the concept of Explainable
Al for interpreting the predictions of machine learning algorithms.
SHAP represents the contribution each predictor has in the machine
learning model. Its versatility cuts across both local and global inter-
pretation. It can be used to get insight into a single instance prediction,
or the prediction derived from the entire data. SHAP differs from
the usual permutation feature importance because it is based on the
magnitude of the feature attributions whereas permutation feature
importance is based on the decrease in model performance. Hence, the
sum of the SHAP values for each prediction is the difference between
the prediction and the baseline values which makes it consistent. In
addition, SHAP has a fast implementation for tree-based models, which
makes it possible to compute all the SHAP values required for global
model interpretations. The process for computing the SHAP values is
explained in Appendix C

3.4. Causal forest

Causal forest is a tree-based machine learning algorithm which is
used to estimate causal effects [35]. It is derived from the random forest
algorithm [36]. It uses the decision trees structure for the estimation of
the conditional average treatment effect (CATE) of a treatment attribute
on an outcome attribute. CATE is the difference between expected out-
come under treatment and expected outcome under control, conditional
on a set of covariates. It is defined as:

CATE(x) = E[Y(]) - Y(0)| X = x], @

where Y (1) and Y (0) are the potential outcomes under treatment and
control respectively, and X is the vector of covariates.

To estimate the CATE, random forest is trained on the treated and
control observations (these are labeled using an indicator attribute) to
predict the outcome attribute. The prediction for observation i is given
by:

FX) = o DI =1+ - V1T, =0) ®)
rj ¢ J

where N, and N, are the number of treated and control observations,
respectively, and I (T; =1 and I (T; = 0) are indicator functions that
take the value 1 if observation j is treated or control, respectively.
Using the same data, a new forest is created with a randomly permuted
treatment attribute. The new forest is trained to predict the outcome
attribute using the permuted treatment attribute and the covariates.
The prediction of the second forest is obtained thus:

From(X) = 3 D10 =T+ s TV, =T), @
J J

1
respectively and N is the total number of observations. Subsequently,

the estimate of the CATE for observation i is:

where T; and 7, are the treatment attributes for observation i and j,

CATEy = F(X;) = Fyorm(X;) ®)

3.5. Evaluation metrics

Evaluation of the method’s performance is based on the area under
the receiver operating curve (AUROC), and the area under the precision
recall curve (AUPRC). These evaluation measures take into consid-
eration the sensitivity and specificity of the models and incorporate
them into the performance evaluation. The performance of the models
under different thresholds is considered in the identification of the best
possible method based on different circumstances. To generate the area
under the receiver operating curve, the True Positive Rate (TPR) is
plotted against the False Positive Rate (FPR), while for the area under
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Table 1

Result of algorithms, with “DISCONT” as target attribute.
Algorithms AUROC AUPRC
RF 0.9953 0.9804
SVM 0.8918 0.5723
KNN 0.5852 0.2747
GNB 0.7454 0.4996
GBC 0.9970 0.9710
LR 0.9613 0.8533
GPC 0.9595 0.8127
CB 0.9987 0.9917

precision recall curve, precision is plotted against recall (same as TPR).
The TPR, FPR, and Precision are generated based on Egs. (6)—(8).

TruePositive(T P
TPR/Recall = _ ruePositive(T P) : ®)
TruePositive(T P) + FalseNegative(F N)
FPR= f‘alsePositiue(FP) _ @
TrueNegative(T N) + FalsePositive(F P)
Precision = _Tre 8)
TP+ FP

4. Analysis and result

For all analyses, we carry out the multicollinearity test to remove
the correlated attributes iteratively until the VIF is lower than 5.
Further preprocessing such as normalization and oversampling are
applied after splitting the dataset. Eight different algorithms were used
for analysis. These are random forest (RF), gradient boosting classifier
(GBCQ), catboost (CB), support vector machine (SVM), KNN, gaussian
process classifier (GPC), logistic regression (LR), and gaussian naive
bayes (GNB). The data was split for training and testing on a 70:30
ratio. Subsequently, a stratified 5-fold cross validation was applied with
grid search for the tuning of the models with the optimal parameters.
The best fit estimators were eventually applied on the test data for the
evaluation of the model. Data analysis was conducted progressively,
following a systematic sequence of steps that ensured the robustness
and quality of the data used. The progression of these steps is based on
the intuitive understanding of the attributes and the practicality of their
respective contributions to model relevance (not just performance).

4.1. Multiple imputation and models’ performance

Having analyzed the data with the eight algorithms mentioned
earlier, we make comparison between three tree-based algorithms and
other algorithms. In the first series of analysis progression, the entire
dataset was analyzed, with treatment discontinuation “DISCONT” as
the target attribute. After removing the multicollinear attributes itera-
tively, the dataset had 119 attributes. The result of the analysis is shown
in Table 1

It is worth noting the performance of the algorithms using the mul-
tiple imputation technique for missing data. Previously, in [23,37,38],
where single imputation method had been used to resolve the missing
data issue, and discontinuation used as the target attribute, perfor-
mance of the algorithms were significantly lower than the performances
recorded in Table 1. We believe that the method of extrapolating and
generating values from neighboring samples over a series of iterations,
before combination and analyses allows the models to explore that
latent data space more thoroughly, compared to traditional and single
imputation methods. This approach does a better job of handling
missing values, which is quite prevalent in health-related datasets.
Moreover, based on the importance associated with the analysis of
health data, single imputation which might not necessarily provide
insight to the data should be avoided. The result obtained also justifies
the advocacy for the greater adoption of multiple imputation. With this,
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Table 2
Result of algorithms, with “DISCONT” as target attribute, but excluding death
related attributes.
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Table 3
Result of algorithms, with “NEW_VAR” as target attribute, and exclusion of
death related attributes.

Algorithms AUROC AUPRC Algorithms AUROC AUPRC
RF 0.7129 0.3839 RF 0.6731 0.8944
SVM 0.6193 0.2006 SVM 0.6260 0.8672
KNN 0.5330 0.2551 KNN 0.5123 0.8356
GNB 0.5378 0.4814 GNB 0.6080 0.8604
GBC 0.6902 0.3439 GBC 0.6422 0.8831
LR 0.6427 0.2317 LR 0.6328 0.8760
GPC 0.6167 0.2060 GPC 0.5931 0.8469
CB 0.7094 0.3881 CB 0.6773 0.8941
Table 4

we have been able to show the superiority of multiple imputation as Result of algorithms, with independent test data.
suggested by [23]. Algorithms AUROC AUPRC
Furthermore, we notice that the tree-based classifiers had superior RF 0.6335 0.8182
performance compared to other classifiers. This may be attributed to SVM 0.5811 0.8103
the ability of tree-based algorithms to effectively handle categorical KNN 0.4993 0.7728
data. However, when we carried out a SHAP analysis, we discovered GNB 0-5713 0-8008
. = ‘ ! Y815, GBC 0.5995 0.8103
that two attributes were influencing performance more than other IR 0.6632 0.8403
attributes. These attributes are “ENTRT PC” and “ENDTRS_C”. GPC 0.6049 0.8229
CB 0.6595 0.8424

The next analysis in the progression involved the removal of the fol-
lowing attributes - “LKADT_P”, “DEATH”, “ENTRT_PC” and
“ENDTRS_C”. We reason that these attributes highly influence the
prediction, however in a technically inefficient manner. The corre-
sponding implication/interpretation of these attributes are whether the
patient dies, the last known alive date, the reason for discontinuing the
treatment, and the period of discontinuation respectively. Essentially,
these are attributes that should not be known before recommending
treatment for a new patient, otherwise they will constitute a bias that
will adversely affect the validity of prediction. As a result, we exclude
these attributes in the process of setting up our model for prediction.
We also iteratively removed multicollinear attributes and this leaves
us with 115 attributes for analysis. The respective performance of the
classifiers after these processes are shown in Table 2.

In Table 2, we realize that the performance of the algorithms was
significantly lower, compared to the earlier outcome presented in Table
1. These results show how much the attributes influenced the behavior
of the algorithms, even though it will not be robust for model deploy-
ment. Invariably, a random survey of our data shows that those who
discontinue the treatment did so because of adverse effects or possible
adverse effects as recorded in “ENDTRS_C”. However, new patients are
not required to go through such a process at the first commencement
of their treatment. Also, new patients are not dead, and having the
“DEATH” attribute for model building reduces the robustness of the
models, even if performance is higher.

Subsequently, we consider the gold standard technique of combina-
tion of related attributes as stated in [38]. Considering the relationship
between the attributes “DEATH”, “DISCONT”, and “ENDTRS_C”, we
derive a new attribute as the target attribute. In the “DEATH” attribute,
YES indicates that the patient died, while NO indicates otherwise.
While in the “DISCONT” attribute, YES indicates that the patient
had to discontinue treatment, while NO indicates otherwise. For the
“ENDTRS_C” attribute, there are four categories — Complete, Progres-
sion, Possible Adverse Effect, and Adverse Effect. We categorized Possi-
ble Adverse Effect and Adverse Effect as YES, while Complete and Pro-
gression were categorized as NO. In line with the gold standard for the
creation of a new target attribute, if “DEATH” is YES, and “DISCONT”
is YES, and “ENDTRS_C” is YES, “NEW_VAR” is set as YES, else NO.
Hence, excluding “DEATH”, “ENDTRS_C”, “LKADT_P”, “ENTRT_PC”,
and “DISCONT”, we carry out a new analysis with “NEW_VAR” as the
target attribute. The performance of the methods is shown in Table
3. With the removal of multicollinear attributes, there remained 115
attributes for analysis.

As a result of the gold standard, there is a noticeable increase
in the performance of the model. More importantly, the AUPRC of

the models are higher, which signifies the ability of the model to
predict the positive samples. That is, cases whereby the specific use
of the treatment can result in either death, adverse effect, or eventual
discontinuation are easily detected by the model. As AUPRC is a trade-
off between precision and recall, the importance of using the gold
standard for analysis is shown.

Although the performance recorded in Table 3 is lower than that
of Table 1, we consider the models to be more robust and accurate
compared to previous ones in literature and in Tables 1-2. For ro-
bustness and usability during model deployment, it is important to use
attributes that are not records of the aftermath being prevented. This
analysis brings into consideration all the possible aftermath that should
be prevented and considers it for model development. In addition, the
ability of the models to detect positive cases is especially important in
health data analysis, where false positives should be avoided. Overall,
the importance of multiple imputation techniques and the appropriate
use of attributes for modeling has been shown.

To further show the robustness of the model, despite its performance
on a multicohort data, we perform independent testing by making one
cohort of the data the test set, and training on two other cohort. As
shown in Table 4, the robustness of the model is established, due to its
performance in an independent test condition.

4.2. SHapley Additive exPlanations (SHAP)

SHAP provides insight into the heuristic mechanism behind the
operation of the ML models. It is an important concept of eXplainable
Al (XAI), which enables the understanding of the factors influencing
model prediction [39]. In this study, a summary plot is shown for the
analyses recorded in Tables 1-3, and an additional beeswarm plot for
Table 3, since it is the most robust data with reliable attributes for
this study. The SHAP algorithm was modeled with Categorical Boosting
algorithm.

Fig. 3 shows “ENTRT_PC” as the attribute which mostly influences
the decision of the model for prediction. In fact, its mean SHAP value
is higher than the sum of the values for the top three attributes.
As an aggregate of influencing attributes for all the instances, this
shows that the models largely based their predictions on the value of
“ENTRT_PC” and “ENDTRS_C”. Probing further into the connotation
of the top two attributes shows that, since “ENTRT PC” shows the
duration of a patient taking treatment, lower duration means that the
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Fig. 3. Mean absolute SHAP value comparison of analysis with “DISCONT” as target attribute.
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Fig. 4. Mean absolute SHAP value comparison of analysis with “DISCONT” as target attribute but excluding death related attributes.

patient discontinued treatment, while higher numbers tend to show
that a patient made progress or completed the treatment. Although
the performance of the models is higher as shown in Table 1, this is
however not a true reflection of a model to be built for future prognosis.
Without the SHAP explanation, it might have been difficult to realize
the major impact of these attributes on the prediction analysis, which
could result in the development of inefficient, non-robust models.
With the removal of the death-related attributes, Fig. 4 shows that

attributes that are available from patient’s record

ment of treatment play an important role in the heuristic process
behind the prediction of treatment discontinuation. We also deduce
that on the aggregate, the majority of the important attributes with
higher mean SHAP values are related to the baseline laboratory value
of the patients, compared to demographics, location of metastasis, and

their medical history.

Fig. 5 was generated at a point where a new attribute “NEW_VAR”
is being used as the target attribute. A noticeable difference in the
type of attributes influencing prediction is observed. Now, there is a
combination of both clinical lab values, and demographics. The figure
reflects the aggregate of the SHAP value of attributes in the gold
standard dataset, excluding death related attributes. We notice a fair
distribution in the contribution of each attribute to the overall predic-
tion of adverse events (adverse effect, discontinuation, and death) for
the patients. According to [40], the decline in testosterone level after a
certain age is a factor that determines the incidence of prostate cancer,
considering that prostate cancer increases with age exponentially. This
is corroborated by Fig. 5 where “TESTO” - testosterone lab value,
and “AGEGRP2” - age group are the top contributing attributes to the
determination of treatment risk factor. The Gleason score “GLEAS_DX”
is used for cancer staging. A high score typically denotes a high-grade
cancer which is already a high-risk case and therefore increases the risk

before commence-
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Fig. 5. Mean absolute SHAP value comparison of analysis with “NEW_VAR” as target attribute but excluding death related attributes.

of adverse events. Smoking is known to increase the risk of cancer, and
also cause damage to the body. Considering that there is a attribute for
smoking, smoking frequency “SMOKFREQ” already indicates that the
patient smokes and contributes to the risk level. “LYM” - Neutrophil-to-
lymphocyte ratio and platelet-to-lymphocyte ratio are indices used in
the diagnosis of prostate cancer and associated with lower survival [41,
42]. It is therefore a biomarker to watch out for in the determination
of risk associated with treatment. “BMI” - Having a healthy body mass
index (BMI) as an adult is important, as an elevated BMI (tending
towards obesity) is associated with prostate cancer risk in men [43],
and a higher risk of death from the disease [44]. “ANALGESICS” —
Analgesics such as opioids are usually administered to patients who un-
dergo radical prostatectomy, and it is capable of favoring tumor growth
by inducing immune suppression and stimulating the proliferation of
metastatic prostate cancer [45]. “CREAT” — Creatinine level of patients
should be controlled to douse the risk associated with prostate cancer
and treatment, as it is known to be positively related to the risk of
prostate cancer [46], especially in smokers [47]. Many other factors
contribute to the risk of metastatic prostate cancer, and the adverse
events associated with treatment.

In Fig. 6, using the beeswarm plot, we can directly see the impact of
the value of each attribute on the model output. The plot is similar to
that in Fig. 5 as it not only relates to the importance of the contributing
attributes and their impacts, but also goes further to expatiate on the
impact of the feature value on prediction. Each cluster in the figure
is a clump of all the data points and how each independent attribute
affected the target attribute. The density of the data points is due to the
high number of instances and attributes. The points on the negative side
of the x-axis shows a negative impact on prediction, while the points
on the right side of the x-axis shows a positive impact on prediction.
In addition, points that are farther away from the 0.0 SHAP value are
more impactful for prediction compared to those that are close to it.
Therefore, for “TESTO”, high feature values tend to have a positive
impact on adverse events (death, discontinuation, and adverse effect).
In addition, “AGEGRP2” shows that although lower age groups still
have positive effect on adverse events, the higher age groups are more
affected. “SMOKFREQ” - Smoking frequency, and “ANALGESICS” espe-
cially denote that people who smoke more or have received analgesics
previously, positively contributed to a case of adverse event. A quick
glance at Fig. 6 also shows that most of the attributes tend to impact
discontinuation and the risk of death. The disadvantage of beeswarm

is the clustering of data points which obscures the fine details of the
interaction between attributes. As a result, the waterfall model can be
used for local expainability as shown in Fig. 7.

In Fig. 7, we use the waterfall plot to show how the attributes
affected the prediction of the model for one particular instance. We
see that the ranking of the attributes is not necessarily the same as that
of Fig. 5, because this is peculiar to one instance. However, in Figs.
5 and 6, we see the aggregation of all the instances used for analysis.
The base value on the x-axis, which is the average predicted adverse
event across all the samples in the dataset, is E[f(X)] = —0.173, while
f(x) = 3.156 is the predicted adverse event for this sample. The values
in the colored arrows are the SHAP values for each of the attributes.
Therefore, ANALGESICS is the attribute with most positive contribution
to adverse event by 0.48. The same trend follows for other attributes,
except the value of “CREAT” decreases the chance of adverse event by
0.2, for this sample. There is a unique waterfall plot for each instance
in the dataset, and the aggregate of these plots can generate Figs. 5 and
6.

4.3. Causal investigation

Causal inference is the process of estimating causal effect from an
observation. The main finding of causal forests is that for a given
observation, the difference between the predictions of the two forests
yields an estimate of the CATE. This makes intuitive sense since the
first forest discovers the connection between the covariates and the
result, whereas the second forest discovers the connection between the
covariates and the treatment attribute. We may quantify the causal
effect of the treatment attribute on the outcome attribute, conditional
on the covariates, by comparing the predictions of the two forests.

Based on a statistical test to determine the significance of the differ-
ence between the two forecasts, the causal forest provides an estimate
of the CATE. Typically, the statistical test is based on the presumption
that the mistakes in the two forests are independent and have identical
distributions (i.i.d.). In fact, this assumption is frequently true, but
it may not hold true if there is a significant connection between the
treatment attribute and the covariates.

For the causal investigation and the analysis of heterogeneity of
treatment effect, we implemented the CausalForest using the grf pack-
age in R. We loaded the data with the “NEW_VAR” as target, and
excluded attributes “DISCONT”, “DEATH”, “LKADT _P”, “ENTRT_PC”
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Fig. 7. SHAP waterfall plot of analysis with “NEW_VAR” as target attribute but excluding death related attributes for the local explainability of one patient.

and “ENDTRS_C”. On a 70:30 ratio, the data was split into training
and test data for the analysis. To train the causal forest with the train
data, we set treatment as “SMOKE”, since it is a binary attribute which
is not influenced by data observer and can be used as intervention.
That is, people who smoke as case group, and people who do not
smoke as the control group. The mean of the smoke attribute was set as
the propensity score, since there is no observed propensity score. The
covariates are set as other attributes.

Since CausalForest is based on random forest, majority of its pa-
rameters are similar to that of random forest. Firstly, the importance
of the attributes was generated, and the attributes greater than the
mean of the overall importance was selected. Based on this criterion, 32
attributes were selected for further analysis. Some of the 32 attributes
were discovered to be part of the attributes that were also ranked
high according to their SHAP values in Fig. 5. These include “TESTO”
- Testoterone, “GLEAS_DX”, “GLU” - Glucose, “LYM” - Lymphocytes,
“BMI”, and “ANALGESICS”.

To obtain the estimate of the conditional average treatment effect
(CATE), the model trained on the training data was used to predict the
test data. The summary of the estimate of CATE for the attributes shows
the Minimum, 1st Quartile, Median, Mean, 3rd Quartile, and Maximum
values as —0.10867, —0.04586, —0.03342, —0.03455, —0.02281, and
0.01620, respectively.

Thereafter, the causal forest was ran on the test data with only the
30 important attributes to obtain the average treatment effect (ATE)
given as —0.02872 + 0.04. The attributes with the best linear projection
of the CATE were estimated with confidence intervals that are cluster
and heteroskedasticity robust (HC3). We found out that out of the 32
selected attributes, three attributes showed significance with p-value (p
< 0.05). They are “ANALGESICS”, “TESTO” — Testosterone and “CA”
— Calcium.

Therefore, we can infer the impact that the previous use of anal-
gesics has on patients who smoke to a reasonable level of confidence.
A study by [48] shows that in as much as smoking is associated with
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Fig. 8. Tornado diagram showing odds ratio of important features.

various cancers, smokers are at greater risk of chronic postoperative
pain than non-smokers, which may result in an inappropriate higher
dosage adjustment, and long-term use of analgesics such as opioids.
In addition, due to the connection between smoking, pain percep-
tion, and the use of opioids (analgesics), smokers are more liable
to develop postoperative opioid (analgesics) dependency compared to
non-smokers [49,50]. This indicates that healthcare providers need
to be wary of analgesic administration to smoking prostate cancer
patients, to prevent the triggering of adverse events.

To sum it up, causal forests estimate the CATE of a treatment
attribute on an outcome attribute using the decision tree structure.
Causal forests can offer a statistically reliable estimate of the CATE by
comparing the predictions of two forests trained on the same data with
the treatment attribute permuted.

We further carried out a sensitivity analysis to understand how ro-
bust the model’s conclusions are to changes in assumptions, parameters,
or input variables. Using the top 10 feature, we determine the odds
ratio of each feature, and plot a corresponding Tornado diagram as
shown in Fig. 8. An Odds Ratio quantifies the association between the
presence of a factor and the odds of an outcome, when other factors
are kept constant. The Neutral Point (OR = 1.0) means the feature has
no effect on the odds of the outcome. The Risk Factors (OR > 1.0)
indicate features where an increase in that feature is associated with
an increased odds of the outcome. The further to the right, the stronger
the positive association (higher risk). The Protective Factors (OR < 1.0)
indicate features where an increase in that feature is associated with a
decreased odds of the outcome. The further to the left, the stronger the
negative association (more protective). The length of each bar indicates
the magnitude of the effect, with the most influential factors at the top,
giving it the tornado shape.

A slight increase in LDH (Lactate Dehydrogenase) is associated with
a very slightly increased odds of the adverse event, indicating minimal
impact. An increase in CCRC (Calculated Creatinine Clearance) is asso-
ciated with an 11% increase in the odds of adverse event. An increase
in CREACLCA (Cockcroft-Gault Creatinine Clearance) is associated with

a 27% decrease in the odds of the adverse event, suggesting it is
a protective factor. An increase in PSA (Prostate-Specific Antigen) is
associated with a 45% increase in the odds of the adverse event, making
it a risk factor. An increase in TESTO (Testosterone) is associated with a
61% increase in the odds of the adverse event, indicating a stronger risk
factor. An increase in ALB (Albumin) is associated with a 45% decrease
in the odds of the adverse event, making it a significant protective
factor. An increase in BUN (Blood Urea Nitrogen) is associated with
a 108% increase in the odds of the adverse event, highlighting it as a
strong risk factor. An increase in CA (Calcium) is associated with a 53%
decrease in the odds of the adverse event, making it a strong protective
factor. An increase in ALP (Alkaline Phosphatase) is associated with a
158% increase in the odds of the adverse event, indicating it is the
strongest risk factor. An increase in CREACL (Creatinine Clearance)
is associated with a 77% decrease in the odds of the adverse event,
making it the strongest protective factor.

5. Conclusion

Considering the mortality rate associated with cancer, an in-depth
analysis is required to quantify and determine the factors that pre-
dispose patients to mortality, especially those with metastasis. In this
study, we have performed predictive analysis with an emphasis on tree-
based machine learning models. We showed the importance of multiple
imputation for dealing with missing data compared to single imputation
as used in previous studies. In addition, we conducted a series of
analyses to effectively understand the data and generate models that
are robust and pertinent to patient diagnosis, removing death-related
attributes since patients are expected to be alive to determine the
optimal treatment for them.

In addition, we explore the use of eXplainable Al techniques to
give an exploratory detail of the attributes that influence decision-
making for each patient, and on an aggregate level. This mitigates the
obscurity imposed by the ’black-box’ nature of ML algorithms, making
users ’less blind’ to the inner workings of these algorithms. Essentially,
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researchers, patients, and medical practitioners have a window of
insight into the decision heuristics of these models and make decisions
based on the perspective they give. Furthermore, we performed a causal
inference analysis of data based on the smoking status of patients and
discovered that testosterone level, use of analgesics, and calcium level
of patients are attributes that significantly influence adverse events in
the treatment of patients who have a smoking history.

This study is subject to certain limitations. First, the use of data from
multi cohorts, while advantageous for enhancing the external validity
and robustness of our findings, introduces potential heterogeneity and
data bias due to varying collection protocols and population character-
istics across different sites. Second, as is common in large-scale health
analyses, the dataset contained missing values; however, potential bias
was mitigated by employing multiple imputation techniques. Despite
these rigorous methodological adjustments, interpretations should be
made with the understanding that residual confounding or unmeasured
variations inherent to multicohort designs may still exist.

The integration of interpretable AI into mCPRC treatment holds
transformative potential for bridging the gap between computational
precision and decision-making. By leveraging causal inference and
SHAP analysis, this study moves beyond “black box” predictions, of-
fering clinicians transparent, actionable insights into risk factors that
drive disease progression, and treatment-related adverse events. This
interpretability is critical for fostering trust in Al-assisted decisions, par-
ticularly when recommending intervention. Furthermore, the model’s
robustness based on the analysis of the multicohort data suggests
that the algorithm can maintain high performance across diverse pa-
tient populations and clinical settings. Ultimately, implementing these
validated, explainable models in real-world workflows could reduce
overtreatment of disease, optimize resource allocation, and help in
strategic personalized treatment recommendations.

In subsequent studies, causal analysis can be performed using
another attribute to differentiate the control and treatment groups.
We have limited this work to the smoking status of patients, but
beyond that, treatment and control can be based on several fac-
tors. In addition, due to the computational cost or model-size con-
straints for model deployment in resource limited clinical environ-
ments, high-accuracy quantization methods such as IR-QLoRA (In-
formation Retention-Quantized LoRA) [51] can be utilized to ensure
ensures that critical clinical performance is retained despite com-
pression. This study provides not just results for machine learning
algorithms, but also reasons and insights which can be applicable in
the treatment of metastatic cancer patients, for quality health.
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Appendix A. Variance inflation factor

Variance Inflation Factor (VIF) is a common tool which is used
to detect multicollinearity between independent attributes [52]. It
measures the ratio of variance of the coefficients of a model’s features
based on the inclusion of a particular feature. VIF for each attribute
is determined using Eq. (A.1). From Eq. (A.1), R,-2 is the unadjusted
coefficient of determination with which the ith independent attribute
is regressed on other attributes.

1
1-R;?

When R,? is 0, it indicates that the variance of other independent at-
tributes cannot be determined from the ith independent attribute. Con-
versely, when VIF is 1, it indicates that the ith independent attribute
is not correlated to other independent attributes, and multicollinearity
does not exist. Typically, any attribute with VIF higher than 5 or 10
is contributing to multicollinearity [53]. To tackle this problem, the
attribute with high VIF is removed from the data. It is important to
iteratively determine the VIF of the attributes and remove one at a time,
instead of removing all attributes with high VIF at once. The removal
of the attribute has less impact on the coefficient of determination
since the information provided by the removed attribute is deemed
redundant.

VIF,; = (A1)

Appendix B. Adaptive Synthetic Algorithm (ADASYN)

To apply Adaptive Synthetic algorithm, the ratio of the minority to
majority samples is calculated using Eq. (B.1):

Ratio = M, (B.1)
Ny

where n,,, and n,,; are the number of the minority and majority

class samples respectively. If the ratio is below a certain threshold,

the algorithm is initialized. Thereafter, the total number of synthetic

minority class samples to be generated is calculated based on Eq. (B.2)

T = (ya; — Nyin)Bs (B.2)

where T represents the total number of synthetic minority samples to
be generated, f indicates the desired ratio of minority to majority class
samples after oversampling. If § = 1, a perfectly balanced dataset is
expected.

Next, the KNN of each minority sample is located, and the r; value
is calculated using Eq. (B.3). The r; value shows the dominance of the
majority class in each neighborhood. Neighborhoods with higher r; are
more difficult to learn since they contain more majority class samples.
At this point, each minority sample is associated with a different
neighborhood.

number of majority samples in a neighborhood
F= " (B.3)
Thereafter, the r; values are normalized as shown in Eq. (B.4) such
that the sum is equal to 1.

A i A
F= ﬁ,aner,- =1
The number of synthetic samples to be generated per neighborhood
is T; = T;,. Since r; is higher in majority class dominated neighborhoods,
those neighborhood will have more synthetic minority class samples
generated, which describes the adaptive nature of ADASYN due to the
generation of samples in neighborhoods that are harder to learn. Now,
T; data for each neighborhood can be generated. First, the minority

(B.4)
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sample x; for the neighborhood is taken, then another minority sample
x; within the same neighborhood is selected. Based on this, the new
synthetic sample is calculated using Eq. (B.5). where s; is the new
synthetic sample, 4 is a random number between 0 and 1, and x;, x;

J
are minority samples within the same neighborhood.

5 =X+ (x; —x;)4 (B.5)

Appendix C. SHAP

To get the global importance [}, the absolute SHAP value per feature
across data is averaged based on Eq. (C.1).

n

L= Z} 18]

To (Iletermine the SHAP values for a given prediction of an instance,
the weights are determined by the conditional expectations of the
model’s predictions given the presence or absence of each feature as
given in Eq. (C.2). where f; is the contribution of the ith feature to
the prediction, w; is the weight of the ith feature, determined by the
conditional expectations of the model’s predictions given the presence
or absence of each feature, and E[f|x._;] is the expected prediction
value, given the absence of the ith feature.

(CD

SHAP; = (f; — E[f|xy)) * w, (C.2)
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