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Abstract: In this study, we used a recently developed causal methodology, called Probabilistic Easy
Variational Causal Effect (PEACE), to distinguish gliosarcoma (GSM) from glioblastoma (GBM). Our
approach uses a causal metric which combines Probabilistic Easy Variational Causal Effect (PEACE)
with the XGBoost, or eXtreme Gradient Boosting, algorithm. Unlike prior research, which often
relied on statistical models to reduce dataset dimensions before causal analysis, our approach uses
the complete dataset with PEACE and the XGBoost algorithm. PEACE provides a comprehensive
measurement of direct causal effects, applicable to both continuous and discrete variables. Our
method provides both positive and negative versions of PEACE together with their averages to
calculate the positive and negative causal effects of the radiomic features on the variable representing
the type of tumor (GSM or GBM). In our model, PEACE and its variations are equipped with a degree
d which varies from 0 to 1 and it reflects the importance of the rarity and frequency of the events.
By using PEACE with XGBoost, we achieved a detailed and nuanced understanding of the causal
relationships within the dataset features, facilitating accurate differentiation between GSM and GBM.
To assess the XGBoost model, we used cross-validation and obtained a mean accuracy of 83% and an
average model MSE of 0.130. This performance is notable given the high number of columns and low
number of rows (code on GitHub).

Keywords: Probabilistic Easy Variational Causal Effect (PEACE); causal inference; XGBoost;
gliosarcoma; glioblastoma

1. Introduction

Glioblastoma (GBM) stands as a major form of brain cancer, originating in glial
cells [1,2]. Among its variants, gliosarcoma (GSM) is classified by the World Health Organi-
zation (WHO) as a subtype of GBM, necessitating accurate differentiation between GSM and
GBM to implement effective treatment strategies [1,3]. Radiomics, a field that uses imaging
data for analysis, has shown promise in distinguishing different types of central nervous
system tumors [4-6]. However, a significant challenge in distinguishing between GSM and
GBM is dealing with high-dimensional datasets that have a limited number of samples.
To tackle this problem, recent advancements in the field have led to the development of
machine learning algorithms capable of handling the high-dimensional datasets.

For instance, Qian et al. [7] sought to identify an optimal machine learning algo-
rithm for differentiating GSM from GBM using a radiomics-based approach. Their dataset
comprised 1303 radiomics features from 183 patients, highlighting the issue of data di-
mensionality surpassing the sample size, known as the “curse of dimensionality”. This
phenomenon necessitates sophisticated variable selection algorithms to improve model
accuracy and interpretability.
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So far, many researchers have attempted to tackle the problem of the curse of di-
mensionality. Jaman et al. [8] addressed the issues related to dimension reduction and
collinearity using penalized regression techniques such as SCAD (smoothly clipped ab-
solute deviation) for variable selection. This method mitigates collinearity issues by se-
lecting a subset of relevant variables and shrinking the coefficients of less relevant ones to
zero, thereby reducing the effective dimensionality of the model and addressing potential
collinearity problems. Qian Gao et al. [9] focused on evaluating propensity score (PS)
methods for causal inference in high-dimensional datasets, particularly in observational
studies with many covariates. To do so, they used methods such as LASSO (Least Absolute
Shrinkage and Selection Operator) for dimension reduction before using propensity score
(PS) methods to balance the covariates between treatment groups. Ziyan Zhang et al. [10]
used penalized regression methods, specifically the Least Absolute Shrinkage and Selection
Operator (LASSO) and elastic net regularization, to address the high-dimensional dataset
problem. These techniques are used for variable selection and regularization to reduce the
number of features and avoid issues related to collinearity and overfitting.

However, gaps remain in addressing the full dataset without dimension reduction
methods, and the challenge of ultra-high dimensional data, where the number of features
is much larger than the sample size, remains a significant hurdle, leading to potential
collinearity issues [7-9,11-13].

To the best of our knowledge, our study is the first to use a novel causal approach
to analyze radiomics datasets without employing any dimension reduction algorithms
or techniques. Our causal approach is equipped with a causal metric called Probabilistic
Easy Variational Causal Effect (PEACE) and its average version which is called MEAN
PEACE [14,15]. PEACE, derived from the principles of total variation [16], offers a robust
framework for measuring the direct causal effect of one variable on another, for both
continuous and discrete data types. A unique property of PEACE is that it has two
variations capable of calculating both positive and negative causal effects of exposures
by considering the likelihood of transitioning from one event to the next. It is effective in
handling causal inference from both detailed (micro) and broad (macro) levels of causal
analysis. PEACE can adapt to a wide range of probability density values and integrates the
occurrence frequency and rarity of the event, providing a deeper understanding of causal
relationships between variables.

Causal models excel in reasoning but are unable to learn, whereas machine learning
causal models excel in reasoning but are unable to learn; machine learning algorithms
also excel in learning but have limited reasoning capabilities [17]. To use the strengths of
both, we used PEACE, with XGBoost [18], or eXtreme Gradient Boosting, which is a high-
performance implementation of gradient boosting known for its speed and effectiveness in
machine learning challenges and applications to identify GSM from GBM.

2. Causal Reasoning

In causal reasoning, we seek to understand how or why something happened and
the relationship between causes and their effects. We examine these relationships to
comprehend the underlying mechanisms and reasons behind events. To calculate the
causes of an event, current causal models often use Individual or Average Treatment Effect
(I-ATE). For instance, Pearl [19] computed the Average Causal Effect by subtracting the
means of the outcomes of the treatment and control groups. Pearl used Directed Acyclic
Graphs (DAGs) to visualize and compute the associations or causal relationships between a
set of random variables. He also used do operators to formalize interventions on the nodes
of DAGs in connection with probability theory, the (local) Markov assumption, and other
concepts/methods/tools [19].

However, in [14], the authors demonstrated that ATE cannot fully describe causality
in the presence of a non-linear relationship between variables. Also, Pearl’s approach to
causation does not allow for reasoning in cases with degrees of uncertainty [20]. Since do
operators cut the relation between two nodes, Pearl’s approach cannot answer gradient
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questions such as, given that you smoke a little, what is the probability that you have
cancer to a certain degree? To solve Pearl’s do operator problem, the authors of [20] used
fuzzy logic rules which implement human language nuances such as “small” and “high”
instead of mere zero or one. Furthermore, Janzing [21] showed that at a macro level, Pearl’s
causal model works well with situations that are rare, such as rare medical conditions but,
at a micro level, fails with bidirectional nodes. The authors of [14] showed that Janzing’s
model [22] works well with bidirectional nodes, but fails with situations that are rare [14].

To our knowledge, the existing causal models overlook the rarity and frequency of
dataset elements, which are vital for assessing their impact on events. That is why we
introduce PEACE which considers the availability, rarity, and frequency of the events as
well as the use of interventions for causal inference in the next subsection.

2.1. Probabilistic Easy Variational Causal Effect (PEACE)

Total variation [16] quantifies the cumulative changes in a sequence or a function by
summing the absolute differences between successive data points, for example, |x; — x|
in a sequence (x;); . In the realm of causal inference, the Probabilistic Easy Variational
Causal Effect (PEACE) model [15] utilizes this concept to dissect the positive, negative,
and overall effects of features within a dataset on the outcomes, accommodating the dual
nature of features that can exhibit both beneficial and damaging effects depending on
their prevalence.

The innovative aspect of the PEACE model lies in its incorporation of probabilistic
elements, degree of availability, and interventions into the total variation formula, which
measures the fluctuations, rarity, and frequency of events to identify their causes. Further-
more, the PEACE formula can be adapted to handle both discrete and continuous variables,
using total variation as its foundation [15].

Central to the PEACE model is the parameter d, which calibrates the sensitivity of the
analysis to changes of both positive and negative PEACE values (see below). The d values
range between zero and one, where the causal effects of all events are considered with
the same importance as low d values, and the causal effects of more common occurrences
are more pronounced with high d values closer to one. This adaptability allows for a
comprehensive exploration of potential outcomes across the spectrum of event frequencies.

Assume that Y = g(T, C), where C represents the set of all covariates including the
confounders. The formal representation of the PEACE of degree d for the causal effect of a
finite variable T on an outcome Y, considering all possible values ty < t1,... < t;of T, is
given by

PEACE.(Y;T) := Yo, |E[gin(t:)] — Elgin(ti-1)]| - P(t) - P(t;—1)" (1)

where for each T = t, E[g;,(t)] is the average potential outcome under the intervention
T =t, and P(t) denotes the probability of T taking the value ¢.

Note that the confounders are factors that could potentially influence both the treat-
ment variable T and the outcome variable Y, and hence, potentially confounding or obscur-
ing the true causal relationship between T and Y.

By considering C, the PEACE model aims to isolate the direct causal effect of T on Y,
controlling for the influence of these confounders. This approach enhances the model’s to
provide a more accurate and nuanced understanding of the causal relationship between
the variables of interest. The presence of C in the formula acknowledges the complexity of
real-world data, where multiple interconnected factors may impact the outcome.

In addition to the PEACE formula, which calculates the total causal impact of the
treatment/exposure variable on the outcome, we can also calculate the qverage causal
impacts using the mean PEACE formula, which divides the PEACE value by the sum of
the weights (availability values) used in the PEACE formula. Thus,

PEACE,(Y;T)
Y P(t) - P(tig)”

Mean PEACE4(Y;T) := ()
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2.2. Positive and Negative PEACE Explanation

The positive and negative Probabilistic Easy Variational Causal Effect (PEACE) metrics
are essential causal metrics in our methodology that quantify the causal impact of a variable
on an outcome, taking into account the varying degrees of event occurrences. These metrics
are derived from the total variation formula, which measures the cumulative changes
within a sequence by summing the absolute differences between successive data points.

2.2.1. Positive PEACE

Positive PEACE focuses on the total positive causal changes in an outcome Y when
increasing the value of a treatment or variable T. It is defined mathematically for a sequence
of values ty < t1,... < t; as follows:

PEACE4(Y;T)* == Y, (Elgin(t)] — Elgin(tii))) - P(t)* - P(ti_1)* 3)

where

- Foreach T =t, E[g;,(t)] represents the average potential outcome after the interven-
tion sets the treatment T to the specific value ¢.

- The superscript + indicates that only positive differences (indicating an increase in
the outcome due to the treatment) are considered.

- P(t) denotes the probability of the treatment taking a specific value t, and d is a
parameter that adjusts the weighting based on the degree of event availability.

The mean positive PEACE is naturally defined as well.

2.2.2. Negative PEACE

Conversely, negative PEACE measures the total negative causal changes when the
treatment’s value increases. It is mathematically expressed as

PEACE;(Y;T) = Z§:1<E[gin<ti)] — Elgin(ti_1)]) ™ - P(t)* - P(tiq)" (4)

In this formula,

- The superscript — signifies that only the negative parts of the differences are consid-
ered, focusing on decreases in the outcome as the treatment value increases.

- The rest of the terms mirror those in the positive PEACE formula, with P(t) and d
again representing the probabilities and the degree of event availability, respectively.

The MEAN negative PEACE is naturally defined as well.

The positive and negative PEACE metrics provide nuanced insights into the causal
dynamics at play, distinguishing between the beneficial and damaging effects of altering a
treatment or variable. By considering the degrees of event availability, these metrics allow
for a more granular and probabilistically informed understanding of causality, making
them particularly useful in complex datasets where a single variable can have multifaceted
impacts on an outcome.

3. Methodology

We used eXtreme Gradient Boosting (XGBoost) [18] for learning purposes, analysis
libraries such as SHapley Additive exPlanations (SHAP) [23], and causal inference func-
tions such as marginal effect and causal inference libraries such as Double ML and our
Probabilistic Easy Variational Causal Effect (PEACE).

Before explaining our methodology, we will briefly explain the above machine learn-
ing/causal models.

XGBoost [18] is built on the gradient boosting framework, where new models are
added sequentially to correct the errors made by previous models. It uses decision trees
as base learners. XGBoost optimizes the loss function (like log loss for classification
problems) by computing the gradient (the direction and magnitude of error) and updat-
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ing the model accordingly to minimize this loss. It includes L1 (LASSO Regression) and
L2 (Ridge Regression) regularization terms in the cost function to control over-fitting,
making it robust. XGBoost can automatically learn the best direction to handle missing
values during training. Unlike traditional gradient boosting that grows trees greedily,
XGBoost grows trees to a max depth and then prunes back branches that have little value,
optimizing both computational efficiency and model performance. XGBoost utilizes
multi-threading and can be run on distributed computing frameworks like Hadoop,
making it extremely fast.

The Shapley value [23] is mainly used in game theory. It is used to fairly distribute
the total gains (or losses) among players based on their individual contributions to the
game. In the context of machine learning, Shapley values are used to interpret predictive
models by measuring the contribution of each feature to the prediction of a particular
instance. Shapley values do not determine causality. They indicate the importance and
contribution of features within the context of a specific model, which may or may not reflect
true causal relationships.

Marginal Effect offers a way to estimate how changes in individual features impact
an outcome. It calculates the marginal causal effects of specific features on an outcome by
simulating interventions in a dataset. It uses percentiles to sample unique feature values
and computes the resulting mean outcome, optionally applying a logit transformation for
logistic regression models. The function then centers the results to capture deviations from
the average effect, producing a series of pairs that show how variations in each feature
influence the outcome. This approach efficiently quantifies the marginal effects across
different feature values.

The DoubleML library [24] is a Python package designed for causal inference. It
implements two-stage regression techniques to control for confounding variables and
derive reliable causal estimates from observational data. Contrary to marginal effects and
our PEACE, DoubleML does not calculate feature-specific causal effects; instead, it focuses
on estimating the Average Treatment Effect (ATE), which represents the overall effect of
the treatment.

Implementation

Roughly speaking, as shown in Figure 1, we first used the XGBoost algorithm to train
a model using our dataset. After the model was trained, we used the SHAP library to
interpret the model’s predictions. To do so, we used the code from [25] with some changes
such as implementing interventions from marginal effects with certain modifications. The
marginal effects function first calculates percentile values for each feature in the dataset.
Then, the function applies interventions which allows us to fix certain features at specific
values to observe the changes in output explicitly. For each fixed percentile, the code
computes the SHAP values using the SHAP Explainer applied to the XGBoost model we
trained earlier. These SHAP values are calculated to assess how each feature contributes to
the predicted outcome at various fixed levels, which does not reflect the causal impact of
each feature.

To perform causal inference, we then used our Probabilistic Easy Variational Causal
Effect (PEACE) to evaluate the changes in the probability distribution of the predicted
outcome as a function of varying a feature across its range. The code, which can be found on
GitHub, computes PEACE values for each feature by calculating the positive and negative
effects of increasing or decreasing a feature’s value, respectively. It then plots these PEACE
values against a parameter d, which represents different thresholds or levels of change
which represents how changes to a specific variable can lead to changes in the outcome,
both positively and negatively.
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Figure 1. Workflow for PEACE calculation with XGBoost.

4. Dataset Description

We used the radiomics data studied in Qian et al. [7]. The dataset contained a sample
size of n = 183 patients including 100 with GBM and 83 with GSM with 1303 radiomic
features extracted from MRI images. In our study, we considered each radiomic feature
and “Edema” (Yes: 1/No: 0) as the exposure variable (treatment) and the others as con-
founders/mediators. We took Y (Y = 1 if the patient had gliosarcoma and Y = 0 if the
patient had glioblastoma) as the outcome variable. We then calculated the PEACE, the
mean PEACE, and their positive and negative variations to determine the causal impacts
of each variable on Y.

5. Results

In this section, we first show the result from applying SHAP to the dataset. We
then use the marginal effect function to calculate the average causal effect of the interven-
tion/treatment. The results from the marginal effect function are compared to SHAP values.
Then, we apply the DoubleML library to the dataset and compare its results with SHAP.
Finally, we present the PEACE and mean PEACE results and compare the positive and
negative PEACE outputs in terms of feature selection and accuracy. The objective was to
identify the key radiomics features with the highest direct causal impact on distinguishing
between GSM and GBM.

5.1. SHAP

In Figure 2, the SHAP values represent the average impact of each feature on the
model’s output magnitude. The feature X10 which corresponds to the column named

‘original_shape_Sphericity’ in the dataset, showed the highest impact, with a mean SHAP

value close to 0.8, indicating a large influence on the model output. This is followed by
features X216, X1098, and X899, each displaying values slightly below 0.5. The rest of the
features have SHAP values below 0.3, suggesting comparatively lower influences on the
model output.
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Figure 2. Average impact (the mean absolute SHAP values) of top features on the model’s predictions.
Features with higher values have a larger impact.

5.2. Marginal Effect

Figure 3 demonstrates the four top values obtained using the marginal effect function
with their corresponding SHAP values.

® SHAP value for X10 (") 'c ° . ° o ..‘ I X
1.0 { — True causal effects o “ ° )
04 ® ° "
) o0 ® ° e %° *
;: o . &
. A1
0.5 . 0.2 L °
[ J o o ° °
004 s 0.0 }
Y .
-0.5 o 02 s .
®e
-0.4
-1.0 9 ..0 °® <
L]
L °
% L 4 -0.6 -~
-15 o © ® SHAP value for X216 °.
L[] e o —— True causal effects °
T T T T T -0.8 T T
050 055 0.60 0.65 070 075 0.80 085 0.90 -0.7 -0.6 -0.5 -0.4 -0.3 -0.2
® SHAP value for X1098 [ L L4 L] ge 3
o
0.6 — True causal effects J > ® 0% oo
a * o ” 0o o °®™O " % oo &%
o Ve ® o 0.2 °® '..o °
° °
0.4 L4 '. o L3 :
* o

'. 0.0 \
021 .

.
: .
0.04 -0.2
® o
© &, oo

©
5 °
024 o . ° o ° 3
8558 an'." -0.4 < Yy
e L el % 0o ©
® %8 @ SHAP value for X899 o ©
-0.4 1 ot LR e® o
: °® @ o 0oV —— True causal effects °
10 —05 00 o5 10 05 06 07 08 09 10

Figure 3. (A) Represents SHAP values versus true causal effect values for feature X10, (B) Represents
SHAP values versus true causal effect values for feature X216, (C) Represents SHAP values versus
true causal effect values for feature X1098, (D) Represents SHAP values versus true causal effect
values for feature X899.
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In Figure 3A, the SHAP values for feature X10 exhibited a sharp increase between the
values of 0.80 and 0.85, as shown in the scatter plot. The SHAP values were relatively lower
and more varied when X10 was below this threshold. The black line represents the true
causal effects, which showed a sudden step up at around 0.85, indicating a threshold effect
where X10 significantly influenced the model’s output after this point.

For the other variables, X216, X1098, and X899, as seen in Figure 3B-D, respectively, the
true marginal effects values were smaller in comparison to X10. Specifically, in Figure 3B-D,
the marginal effect values were mostly around zero, suggesting that while changes in these
features did affect the model’s predictions, their overall impact was less pronounced than
that of X10.

5.3. DoubleML

In the second part of our experiment, we used the DoubleML library [24], a Python
package designed for analyzing causal inference.

In Figure 4, the SHAP values for each feature (X10, X216, X1098, and X899) were the
same as those in Figure 3. However, in Figure 4, the Average Treatment Effect (ATE) is
represented as a constant horizontal red line for all variables.
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Figure 4. (A) Represents SHAP values versus estimated Average Treatment Effect (ATE) value for
feature X10, (B) Represents SHAP values versus estimated ATE value for feature X216, (C) Represents
SHAP values versus estimated ATE value for feature X1098, (D) Represents SHAP values versus
estimated ATE value for feature X899.

Figure 4A (X10): The constant ATE line was slightly lower than the highest SHAP
values, indicating a modest average impact of X10 on the outcome.

Figure 4B (X216): Despite the variability in SHAP values for X216, the constant ATE
line suggests that, on average, X216’s impact on the model’s outcome was minimal.

Figure 4C (X1098): The constant ATE value for X1098 was slightly lower than the
highest SHAP values, indicating a limited overall average causal effect.
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Figure 4D (X899): The constant ATE value for X899 remained slightly below the highest
SHAP values, suggesting a minimal average influence on the model’s outcome.

Overall, the constant ATE lines in Figure 4 indicate that the estimated general average
marginal impact of these features (X10, X216, X1098, and X899) on the model’s outcome
was limited and did not vary significantly with changes in their values. This suggests that
while these features might affect predictions in specific instances or contexts, the constant
causal impact fails to capture potential causal changes across the entire domain of variables.

5.4. Mean Positive PEACE

Figure 5 shows the top 15 mean PEACE values where X10 (the blue line) corresponds
to ‘original_shape_Sphericity’ in the dataset; it had the highest values compared to other
variables. The other fourteen values were very small compared to X10. In Figure 5,
for all features, as d increased from 0 to 1, the mean positive PEACE values decreased.
This indicates that the causal effects corresponding to more probable regions were not
significantly greater than those in other regions.

— X10
0.10 1 —— X1098
— X546
—— X381
0.08 A — X133
— X1119
—— X1275
0.06 A — X51
X419
—— X1199
0.04 —— X82
—— X987
— X372
0.02 A1 — X941
— —— X1136

— —_—
0.00 +

Figure 5. Mean positive PEACE values for the top 15 features for degrees d between 0 and 1.

This could suggest that higher density regions might be associated with more stable,
less variable influences on the outcome, while lower density regions (lower ‘d” values),
which emphasize rare or extreme cases, might exhibit stronger causal effects.

With regard to magnitude, the scales of the PEACE values varied among features,
indicating different levels of overall causal influence across the features. For example,
features like X10 started with a higher PEACE value at ‘d” = 0, suggesting a strong overall
influence, which decreased more noticeably with increasing ‘d”.

Figure 6 provides a detailed demonstration of the PEACE values, highlighting that
X10 had the highest total direct causal impact on the outcome. Please note that although
X19 appears as the last element in the legend, this graph represents PEACE values for all
elements of the dataset.
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; J : ; T —— X18
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Figure 6. PEACE values for all columns for degrees d between 0 and 1.

5.5. Mean Negative PEACE

In Figure 7, a high mean negative PEACE value at d = 0 indicates that the feature
had a significant negative direct causal effect on the outcome when equal importance was
given to the causal effects of both more probable and less probable regions. X216, which
correspond to ‘log-sigma-5-0-mm-3D_glcm_Imcl’ in the dataset, had the highest initial
negative PEACE value, suggesting that it had the strongest initial negative causal effect.

0.020 4

0.015 A

0.010 A

0.005 4

0.000 A

Figure 7. PEACE values for all columns in the dataset. The x-axis represents the degree d which
ranged between 0 and 1. The y-axis represents the Mean negative PEACE value.
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Mean PEACE values as a function of d for X1098

The negative PEACE values for most of the features generally decreased as d increased.
The increasing mean negative PEACE function indicates that the negative causal effects of
the more probable regions were likely higher than those of the other regions.

5.6. Mean Positive vs. Mean Negative PEACE

Figure 8 compares the top mean positive PEACE values with their corresponding
mean negative PEACE values for the features in the dataset. Each subplot illustrates how
the positive (blue lines) and negative (orange lines) PEACE values of a specific feature
changed as a function of the degree d from 0 to 1.
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Figure 8. A detailed view of how the direct causal effects (both positive and negative) of various

features change with the degree d.

The positive PEACE values showed higher initial values and a broader range, in-
dicating stronger positive causal effects compared to negative effects. That is, while
positive PEACE values decreased as d increased, the corresponding negative PEACE val-
ues remained close to zero, indicating relatively weak negative causal effects for these
specific features.

5.7. Mean Negative vs. Mean Positive PEACE

Figure 9 compares the top mean negative PEACE values with their corresponding
mean positive PEACE values for the leading features in the dataset. Each subplot illustrates
how the positive (blue lines) and negative (orange lines) PEACE values of a specific feature
change as a function of the degree d from 0 to 1.

The positive PEACE remained close to zero, indicating weak positive causal effects for
these specific features. In contrast, the negative PEACE values started higher and decreased
slightly as d increased, indicating more substantial negative causal effects. This comparison
highlights the features that had significant negative influences on the outcome, with the
corresponding positive influences being relatively minimal.

A comparison between Figures 8 and 9 revealed that in this dataset, the positive
PEACE values were generally higher in magnitude (e.g., a value of 0.10 for X10), while the
negative PEACE values were relatively small (e.g., the highest value was 0.03 for X216).
This indicates that the positive causal effects of the features on the outcome were much
stronger compared to the negative causal effects.

This comparison suggests that higher values of most radiomic features are causally
associated with gliosarcoma rather than glioblastoma. In particular, a higher ‘origi-
nal_shape_Sphericity” of the tumor is causally associated with gliosarcoma and had the
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highest causal effect among the radiomic features in distinguishing between gliosarcoma
and glioblastoma.
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Figure 9. Comparison of the top negative PEACE values with their corresponding positive PEACE
values for the leading features in the dataset.

5.8. Comparison of SHAP, Marginal Effect, and ATE Results

Note that in our study, SHAP (SHapley Additive exPlanations) was used to explain
the output of machine learning models by distributing the prediction among the input
features. Although the results obtained by SHAP and PEACE both identified X10 as one
of the most important elements in distinguishing gliosarcoma (GSM) from glioblastoma
(GBM), SHAP is excellent for understanding and interpreting model predictions, while
PEACE is more suitable for causal analysis, providing insights into the direct effects of
features on outcomes. That is, SHAP can show correlations and, for different datasets, may
show unrelated causes of the events (for more details please see [25]).

The PEACE/mean PEACE values provide a detailed gradient of causal effects at
different levels of emphasis on data density, which was not directly visible in the marginal
effect or ATE analyses. Furthermore, while ATE provided a constant measure of the
treatment effect across the data, and the marginal effects showed how predictions change
with feature values, PEACE offers a nuanced view that considers how the importance of
different data regions (defined by their probability density) impacts causal estimation.

Also, the PEACE approach can highlight how certain features’ influences vary across
different data concentrations, potentially offering insights into features that have significant
effects in rare conditions (low ‘d” values) versus common conditions (high ‘d’ values).
This contrasts with ATE, which averages out these effects, and marginal effects, which
focus more on the functional relationship between feature changes and outcomes without
explicitly considering data density.

In summary, the PEACE results provide a complementary perspective to ATE and
marginal effects by explicitly incorporating the distributional characteristics of the data
into the causal analysis. This approach can be particularly valuable in contexts were
understanding the impact of common versus rare conditions is crucial, such as in healthcare
or risk assessment.

Once more, we wish to underscore the methodology distinction. In prior research,
including the work referenced in [20], the standard practice involves the initial application
of dimension reduction techniques followed by using statistical and machine learning
algorithms, such as LASSO, to perform causal inference. In contrast, our approach for this
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study involved the direct use of the entire dataset with PEACE, without any alterations or
preprocessing steps.

6. Conclusions

Unlike previous studies on gliosarcoma detection using ultra-high dimensional con-
founders that relied on statistical models to reduce the size of the dataset before using
machine learning algorithms for causal inference, our approach used the entire dataset.

In this study, we used Probabilistic Easy Variational Causal Effect (PEACE) [14] with
the XGBoost [18], or eXtreme Gradient Boosting, algorithm.

Grounded in measure theory, PEACE offers a mathematical framework for both
continuous and discrete variables. PEACE provides a spectrum of causal effect values
based on the degree d, reflecting changes from natural to interventionally altered probability
distributions. The model is stable under small changes in the partial derivatives of the
causal function and the joint distribution of variables. Additionally, PEACE offers positive
and negative causal effects, allowing for detailed analyses in both directions. It adjusts for
the natural availability of values ranging from rare to frequent using a normalizer term and
a degree d, ensuring the appropriate scaling and interpretation of causal effect.

In our study, we found that a higher ‘original_shape_Sphericity” of the tumor was
associated with gliosarcoma. This radiomic feature demonstrated the highest causal effect
in differentiating between gliosarcoma and glioblastoma, highlighting its potential as a
critical biomarker for accurate tumor classification.

Currently, the PEACE formula does not account for the temporal aspects of events.
Our future work will focus on integrating temporality into the PEACE model to enhance
its analytical capabilities. To address the intrinsic imprecision and uncertainty inherent in
various real-world problems, our future work will involve integrating our causal framework
with fuzzy logic. This integration aims to enhance the robustness and adaptability of our
models, enabling them to handle ambiguity and partial truth values more effectively.
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