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Abstract: Miscarriage remains a critical concern in maternal health, particularly during early pregnancy
when medical intervention options are limited. Although machine learning models have shown promise in identifying
high-risk cases, their predictive opacity often undermines clinical trust and adoption. This study proposes an
interpretable framework for analyzing miscarriage predictions by combining anchor rules and counterfactual
explanations. A Random Forest classification model is applied to a dataset of maternal medical records, and its
predictions are interpreted using explainable Al techniques that generate logical rule patterns (anchors) and simulate
“what-if”” scenarios (counterfactuals). Anchor rules provide human-understandable conditions that strongly influence
the model’s decisions, while counterfactual explanations highlight the minimal changes required to alter prediction
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outcomes. The primary objective of this research is to develop a clinical decision support system that is not only
accurate but also transparent and trustworthy for healthcare professionals, particularly for early miscarriage risk
detection. The novelty of this approach lies in the integration of two explainability methods rarely combined in
maternal health contexts, alongside an evaluation strategy that moves beyond conventional performance metrics such
as Accuracy, Precision, Recall, F1-Score, or AUC, focusing instead on interpretability and practical relevance. This
work holds significant value for clinicians by delivering actionable insights through clear and consistent risk patterns,
thereby facilitating faster, more informed decision-making. Additionally, it contributes to the computer science
community by demonstrating how robust machine learning models can be aligned with transparency, ethics, and
accountability principles via explainable Al techniques especially in sensitive and high-stakes domains such as

maternal and child healthcare.

Keywords: Explainable Al; Miscarriage Prediction; Anchor Rule; Counterfactual Explanation; Pregnancy Health.
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1. Introduction

Miscarriage is one of the most common pregnancy
complications and has a significant impact on the
physical and especially mental well-being of expectant
mothers [1-4]. Studies indicate that approximately 10—
15% of pregnancies are at risk of ending in miscarriage,
particularly once the pregnancy has been clinically
confirmed [5—7]. Early detection of miscarriage risk is
crucial to enable appropriate medical intervention and
reduce adverse outcomes during pregnancy [8]. In this
study, subject selection was based on the availability of
well-documented medical pregnancy records, including
vital parameters such as blood pressure, body

temperature, stress levels, medical history, and early
pregnancy laboratory results. The data specifically
includes patients in their first trimester, as this stage
presents the highest risk of miscarriage and the greatest
opportunity for preventive medical action.

In recent years, Machine Learning (ML) approaches
have been widely applied to risk prediction across
various domains, including industry, natural disasters,
and healthcare [9—11]. ML models are capable of
identifying complex patterns in data that are often
difficult to detect using traditional statistical methods
[12]. However, many of these models are recognized as
being difficult to interpret often referred to as "black
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boxes" which makes it challenging for medical

practitioners to understand the reasoning behind the

predictions [13—14].

The lack of transparency in ML models also presents
challenges in system and application development, as
medical decisions require clear and understandable
reasoning [15-16]. To address this issue, the field of
Explainable Artificial Intelligence (XAI) has emerged,
offering techniques that enable the interpretation of ML
model outcomes. One such approach is the use of anchor
rules, which generate human-understandable if-then
statements and provide insights into the factors
influencing the predictions [17].

In addition, counterfactual explanations have been
proposed as an effective XAl method by identifying the
minimal changes in input features that would lead to a
different prediction outcome. This approach not only
enhances users' understanding of the model but also
supports more accurate planning of clinical
interventions. By integrating techniques such as anchor
rules and counterfactual explanations, miscarriage risk
prediction models can become more transparent and
reliable in medical practice [18].

The findings of this study carry significant practical
implications in the context of maternal healthcare. By
uncovering consistent predictive patterns in early
pregnancy data, healthcare professionals are better
equipped to perform targeted screenings and initiate
timely interventions potentially even before clinical
symptoms become evident. This proactive approach
may reduce delays in medical response and help prevent
adverse outcomes for both the mother and the fetus.
From a theoretical perspective, this research contributes
to the advancement of XAI in the healthcare domain,
particularly through the integration of anchor rules and
counterfactual explanations. This dual-method approach
highlights the potential for ML models to move beyond
“black-box” predictions by offering clear, interpretable
reasoning that can be understood by clinical
practitioners. In doing so, the study supports the
development of Al systems that are not only technically
robust but also ethically aligned, transparent, and
context-sensitive especially in high-stakes and sensitive
applications such as maternal health risk assessment.

This study offers several significant contributions,
namely:

1. Developing an interpretable framework that
integrates ML models with anchor rules and
counterfactual explanation techniques.

2. Applying XAl techniques that have been rarely used
in the context of maternal health, particularly on
structured datasets.

3. Providing clinical intervention scenario simulations
based on counterfactual explanations.

4. Proposing an evaluation approach based on
interpretability and clinical relevance, rather than
relying solely on conventional metrics such as

Accuracy, Precision, Recall, F1-Score, or AUC.

2. Similar Previous Research

Research on miscarriage prediction using ML
approaches continues to evolve alongside the increasing
availability of maternal medical record data. Several
recent studies have applied ML to identify miscarriage
risk factors, such as idiopathic spontaneous miscarriage
cases, using patient data [19]. Automated systems
capable of early prediction based on maternal health
parameters have also been developed [20]. In addition,
ML-based approaches for identifying threatened
miscarriage cases have demonstrated higher accuracy
compared to traditional methods [21]. Findings from
these studies highlight the potential of ML as a powerful
tool for more efficient and precise early detection of
miscarriage.

Among various ML algorithms, Random Forest
stands out due to its ability to handle complex and
nonlinear data as well as its resistance to overfitting. In
the context of miscarriage prediction, this model has
been used to evaluate the importance of medical features
in patient records, such as age, body mass index (BMI),
and history of previous miscarriages based on early
trimester data [22]. Beyond accuracy, the model also
provides feature importance values that assist medical
professionals in understanding which factors contribute
most significantly to the predictions [23-24].

However, accuracy alone is insufficient in medical
contexts that require transparency and trust from both
patients and healthcare professionals. Therefore,
interpretability approaches such as Anchor Rules have
begun to be integrated into miscarriage prediction
models. This method generates conditional logical rules
(if-then statements) that explain model predictions in a
way that is easily understandable by humans [25-26].

In addition to Anchor Rules, Counterfactual
Explanation models offer an intuitive and informative
approach by demonstrating how small changes in input
features can lead to different prediction outcomes. By
providing “what-if” scenarios, this method helps non-
technical users, including healthcare professionals and
patients, understand what needs to be altered to achieve
more favorable prediction results. This approach not
only enhances model transparency but also supports
clinical decision-making by offering actionable insights
[27-28].

Although interpretability models such as SHAP and
LIME have been widely used and are relatively easy to
understand [29-30], the application of methods like
Anchor Rules and Counterfactual Explanations in the
context of miscarriage risk prediction remains scarce in
the literature. This gap indicates an opportunity to
explore approaches that are more transparent and
interpretable for non-technical users, such as healthcare
professionals. This study aims to address this gap by
integrating Anchor Rules and Counterfactual
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Explanations into a ML-based miscarriage risk
prediction framework.

3. Proposed Model

This study is an experimental research based on a
quantitative approach, grounded in a systematic
literature review and relevant theoretical frameworks
within the domain of reproductive health. The primary
objective of this research is to apply ML methods to
identify the most significant attributes contributing to
increased miscarriage risk. By emphasizing model

Anchor Rules Model

Explain model predictions
using interpretable rules.

Random Forest
Model

Bogging-based ensemble
learning algorithm for
solving classification
problems

Counterfactual
Explanations Model

Understand model
decisions by identifying

Collect Dataset

interpretability and transparency, this approach aims to
provide deeper computational insights into key risk
factors and support more informative clinical decision-
making processes. Through analyzing feature
contributions to prediction outcomes, this study seeks to
make a meaningful scientific contribution in the context
of data-driven miscarriage prevention and management.
Furthermore, the feature identification strategy
employed enables the exploration of hypothetical
conditions that could alter model outputs, thereby
offering richer contextual insights into individual risk,
as illustrated in Figure 1.

minimal changes.

Splitting Dataset
Split the dataset into

training data and testing
data.

Preprocessing

.l!l Dataset

Cleaning and preparing
data for analysis.

Tdentify the data used in
this study that is relevant
to the research objectives.

Figure 1. Framework Model

(Source: Developed by the author)

3.1. Collect Dataset

This section aims to identify the data used in this
study and ensure that it can be effectively tested and is
relevant to the research objectives. Table 1 presents the
dataset utilized in this study, which was obtained from
a GitHub repository and is licensed for open use
according to the source license terms. The dataset is
publicly available via the link https://github.com and
consists of data collected from various reproductive
health sources for analysis. It includes a total of
1,000,000 samples, each comprising 13 predictor
features and 1 target class (0 = No Miscarriage, 1 =
Miscarriage). The purpose of this dataset is to identify

the key factors contributing to miscarriage risk,
thereby supporting the development of accurate and
interpretable predictive models in a clinical context.
This information reflects the complexity of
understanding and predicting miscarriage risk due to
the numerous biological, medical, and demographic
factors that can influence pregnancy outcomes. With
the advancement of data-driven approaches in
healthcare, the use of new techniques and tools to
analyze miscarriage risk has also increased. However,
there are several limitations, such as the lack of up-to-
date medical data that comprehensively reflects
changes in patient conditions or recent features.

Page | 21



Journal of Hunan University (Natural Sciences)

Vol. 52 No. 10, October 2025

Additionally, reliance on certain variables that may not
be fully relevant to specific contexts or populations in
different countries can affect the model’s
generalizability. The data used in this study originates
from a single open-source repository, and therefore
may not fully represent practices and conditions across
various healthcare systems or geographic regions.
Nonetheless, the conducted analysis provides
meaningful insights into identifying key factors
influencing miscarriage risk and supports more
accurate, data-driven clinical decision-making.

Table 1. Dataset Features and Description
(Source: From Github)

No Features Description Values
1 Age Age at pregnancy Numerical
2  BMI Weight during pregnancy  Numerical
3 Nmisc History ~ of  previous Categorical
misccarriage
The level of the activity of
4 Activity the woman during the Numerical

day.

Location  where the

5  Location woman spends her time Categorical
6 Temp Body Temperature Numerical
7 BPM Heart Rate Variability Numerical
8  Stress Stress motion Categorical
9 Bp Blood Pressure Categorical
10 Miscarriage Class Categorical

3.2. Preprocessing Dataset

The process begins with a preprocessing stage
aimed at preparing the data before testing, thereby
minimizing errors and supporting optimal ML data
analysis in the context of miscarriage risk prediction.
The steps in this stage may vary depending on the
analysis objectives and the models used; however, data
quality must be thoroughly checked prior to the
training process. Common techniques employed
include data inspection and cleaning, such as
identifying  unrecognized symbols, duplicates,
typographical errors, or missing data. The primary
goal is to ensure that all data fields are complete,
contain no gaps, and are error-free. To check for
missing or invalid data, the syntax data.isnull().sum()
is often used to display the number of errors or missing
values, as presented in Table 2.

Table 2. Checking and Cleaning Data
(Source: Developed by author with Google Colab)

No Features Results
1 Age 0
2  BMI 0
3 Nmisc 0
4 Activity 0
5  Location 0
6 Temp 0
7 BPM 0
8  Stress 0
9 Bp 0
10 Miscarriage 0

3.3. Splitting Dataset

At this stage, the dataset is partitioned into two
main subsets, with 80% allocated for training data and
20% for testing data. This split aims to provide
sufficient data for the ML model to learn important
patterns during training while also offering a
representative testing set for independent model
performance evaluation. This approach ensures the
development of a reliable and valid model for
miscarriage risk prediction and facilitates an objective
assessment of the model’s generalizability through
testing on data that was not used during training.

3.4. Random Forest Model

Random Forest is an ensemble learning algorithm
based on bagging, widely used to address classification
and regression problems. In classification tasks, it
builds a collection of decision trees, each trained using
bootstrap sampling and a random subset of features at
each split node. In the context of this study, the dataset
is a binary classification dataset with labels 0 or 1,
where the model aims to map input features to one of
the two target classes. Although this model exhibits
high predictive performance and robustness against
overfitting, its complexity limits interpretability. To
overcome this, two model interpretability approaches
are integrated: Anchor Rules and Counterfactual
Explanations. Anchor Rules are employed to extract
stable and easily understandable conditional rules
underlying the model’s predictions, while
Counterfactual Explanations aim to identify minimal
changes in input features that could lead to different
predictions. Combining Random Forest with these two
approaches enables a more transparent and informative
interpretation of classification results.
Mathematically, the final prediction y for an input x
given by:

B
37=argrggg<zl(hi(x) =c) )]
i=1

Page | 22



Journal of Hunan University (Natural Sciences)

Vol. 52 No. 10, October 2025

Where:
e (s the set of all classes (in this case {0, 1})
e B is the total number of trees in the Random
Forest

e  Ji;(x) is the prediction from the tree to-i

e [(-) is the indicator function (1 if true, O if

false)

e arg max selects the class ¢ with the highest

number of votes.

The combination of training with random data
samples and random feature selection at each node
makes Random Forest highly effective in reducing
model variance and improving generalization.
Additionally, this model supports feature importance
analysis, providing insights into the contribution of
each feature to the classification outcome.

3.5. Anchor Rules Model

It is a model-agnostic interpretability method
aimed at explaining ML model predictions through a
series of simple and understandable conditional rules.
Each anchor consists of a set of logical conditions
which, when satisfied by an instance, ensure that the
model’s prediction remains consistent despite
variations in other features. The quality of an anchor is
evaluated using the precision metric, which indicates
how often the prediction remains stable on data that
meet the anchor’s conditions.
The precision formula for an anchor A is defined as
follows:

Precision(4) = Ez~'D(Z|A)[1(f(Z) = f(0)] 2

Where:

e A is the anchor, a set of rules (conditions) that
constrain specific feature values.

e x is the instance being explained.

e f(x) is the model’s prediction for the instance
X.

o z~D(z/4) is a sample from the conditional
distribution of A4, i.e., data that satisfy the
anchor rules 4

e [(f(z)=f(x)) is the indicator function: it returns
1 if the prediction for sample z is the same as
the prediction for x and 0 otherwise.

e The precision of anchor A indicates how
consistently the rule preserves the same
prediction.

The model aims to find an anchor A with high
precision—typically above a certain threshold (e.g.,
95%) that explains why the model makes a specific
prediction for an instance x, while also providing a
guarantee that the prediction will remain the same for
the majority of samples satisfying the anchor
conditions.

3.6. Counterfactual Explanations Model

This approach to model interpretability aims to
provide an understanding of the model's decisions by
identifying the minimal changes required to the input
in order to produce a different or desired prediction. In
this context, counterfactual explanations are
formulated as an optimization process to find an
alternative instance x' that is as close as possible to the
original instance x, but results in a different prediction
from the model. Mathematically, this formulation is
expressed as follows:

CE(X) = arg I‘l’)lcl’rlL (f(x’)' ytarget) +A- d(x' x,) (3)
Where:

e f(x) an anchor is defined as a set of
conditions that fix certain feature values in
order to explain a model’s prediction.

®  Yiarger: 1s the desired label.

e L(f(x'): a loss function used to minimize the
difference between the prediction and the
target.

e d(x,x") : a distance function between the
original instance x and counterfactual x’

e A:aregularization parameter that balances the
trade-off between maintaining proximity to
the original input and achieving a successful
change in the model's prediction.

This approach offers actionable insights by
identifying which features should be modified to
obtain a different model output. Therefore, it is
particularly relevant for ML systems that require
transparency, interpretability, and support for
accountable decision-making.

4. Discussion and Results

The experimental results present an interpretability
analysis of the miscarriage risk classification model
using Anchor Rules and Counterfactual Explanations.
The primary objective is to identify the most
influential features contributing to the model’s
predictions and to evaluate the model's stability and
sensitivity to input changes. These interpretability
techniques are employed not only to strengthen
understanding of the model's decision-making process
but also to promote transparency in data-driven
miscarriage prediction systems. This analysis provides
clearer insights into model behavior, enabling more
focused and contextually relevant discussions of the
results, thereby enhancing clinical applicability.
Moreover, the findings are compared with those of
prior studies to assess the consistency and validity of
the approach. The comparison reveals that most
previous works have largely focused on evaluating
model accuracy, comparing algorithmic performance,
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or conducting conventional statistical analyses—often
without offering explanations that can be directly
interpreted by medical practitioners. In many cases,
evaluations have relied solely on standard metrics such
as Accuracy, Precision, Recall, F1-Score, and AUC,
which, while important, are insufficient to explain why
a prediction was made or how it could inform
actionable clinical decisions. In this context, the use of
interpretability methods in this study offers a
significant advancement by providing concrete,
actionable, and human-understandable explanations.
This contributes to the development of clinical
decision-support systems that are not only technically

Instance to-0:

Model Prediction: 1

robust but also transparent, ethical, and trustworthy for
real-world medical applications.

4.1. Anchor Rules Model

Figure 2 shows instance 0, where the classification
model predicts that the individual belongs to class 1,
indicating a risk of miscarriage. The explanation for
this prediction is generated using the Anchor
Explanation approach, which identifies a specific
combination of features that consistently lead the
model to produce the same prediction.

Anchor Rules: ['78.00 < bpm <= 119.00', 'temp > 34.00', 'Activity <= 2.00', 'Location <= 1.00', 'BMI <= 19.84', 'Age <=25.00', 'Nmisc <= 2.00', '0.00 < bp <= 2.00']

Precision: 0.6352140077821011

Coverage: 0.0429

Figure 2. Result Anchor Model
(Source: Developed by author with Google Colab)

The formed rules include a heart rate range of 78—119
bpm, BMI < 19.84, body temperature > 31°C, activity
level < 2, location < 1, and age < 25 years. From a
computational perspective, these rules achieve a
precision of 0.616, indicating that approximately 61%
of data instances with similar characteristics are
consistently predicted by the model, while a coverage
of 0.0718 shows that the rules cover only a small
portion of the entire dataset. Medically, these features
are associated with several potential risk factors, such
as low BMI reflecting poor nutritional status, elevated
body temperature indicating physiological stress, and
young age and low activity levels which may also
affect pregnancy conditions. Therefore, the use of
Anchor Rules not only enhances the interpretability of
the data-driven classification model but also provides
deeper insights into medically relevant factors for
predicting miscarriage risk.

4.2. Counterfactual Explanations Model

Based on the obtained results, Figure 3 illustrates a
counterfactual analysis, a method used to explain why
an artificial intelligence model makes a particular
prediction.

Start Prediction: [1]
18@%\-| 1/1 [08:14<@0:8@, 14.125/1t]Query instance (original outcome : 1)

Age BMI Nmisc Activity Location temp bpm stress bp Miscarriage @

0 25 19.84127 2 2 1T 37 19 0 2 1

Diverse Counterfactual set (new outcome: @)

Age BMI Nmisc Activity Location temp bpm stress bp Miscarriage M
0 25 198027 2 3 137 19 0 2 0
0 25 2481707 2 3 137 N9 0 2 0

0 20 27.73304 2 1 137 19 0 2 0

Figure 3. Result Counterfactual Model
(Source: Developed by author with Google Colab)

In the first section, 'Start Prediction,' the data shows
the initial prediction result for an individual. With an
age of 25 years, a BMI of 19.84, and an activity level
of 2, the model predicts a miscarriage risk with a value
of 1. This indicates that, based on this combination of
characteristics, the model identifies a high risk. Next,
in the 'Diverse Counterfactual Set' section, the model
presents alternative scenarios. These scenarios
demonstrate the minimal changes required in the input
data to change the miscarriage prediction from 1 (yes)
to 0 (no). The first scenario shows that increasing the
activity level from 2 to 3 immediately alters the
prediction, implying that increased physical activity is
a significant factor in reducing risk. The second and
third scenarios provide examples of other effective
factor combinations. The second scenario illustrates
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that increasing activity combined with a higher BMI
can also reverse the prediction. Meanwhile, the third
scenario indicates that a younger age and higher BMI,
even with a decreased activity level, can result in a low
predicted miscarriage risk.

From a medical perspective, these findings are
highly relevant as factors such as BMI, age, and
physical activity have been clinically identified as key
elements in pregnancy health. Low BMI is often
associated with malnutrition and an increased risk of
pregnancy complications, including miscarriage,
whereas a healthy or slightly higher BMI reflects better
nutritional status that can support a more stable
pregnancy. Moderate physical activity is also known to
contribute to maintaining cardiovascular health and
hormonal balance in pregnant women, indirectly
reducing miscarriage risk. Young age is generally
considered a favorable factor in pregnancy, although
overall health conditions and comorbidities must still
be taken into account.

Therefore, counterfactual analysis in this context
not only provides insights into the most significant
features influencing the model’s decisions but also
aligns with existing medical knowledge regarding
miscarriage risk factors. This approach enhances the
interpretability of artificial intelligence systems while
offering a solid foundation for more targeted and data-
driven medical interventions.

5. Conclusions and Future Directions

This study demonstrates that integrating
interpretability methods such as Anchor Explanations
and Counterfactual Explanations into predictive
classification models can offer deep and transparent
insights into the model's decision-making process,
particularly in the context of miscarriage risk
prediction. Anchor Rules effectively identified
combinations of key features such as heart rate, low
BM], elevated body temperature, low physical activity,
and young maternal age—that consistently contribute
to high-risk predictions. Although these rules cover a
limited portion of the data, they exhibit stable levels of
precision and coverage, making them reliable for
specific subgroups within the population. Meanwhile,
Counterfactual Explanations provide a more
interventional perspective by simulating minimal
alternative scenarios that could reverse the model’s
prediction. These explanations highlight actionable
variables, such as physical activity, BMI, and maternal
age, that may serve as potential targets for clinical
intervention.

The findings of this study are consistent with
previous research that links factors such as body mass
index, physical activity, and maternal age with
miscarriage risk. However, this study offers a novel
contribution by introducing an explicitly interpretable
approach through explainable AI techniques,
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particularly via the integration of anchor rules and
counterfactual explanations—two methods that are
rarely combined in miscarriage prediction studies.
Prior research has typically focused on the technical
performance of models, such as evaluating
classification accuracy, comparing algorithmic
performance, or conducting traditional statistical
analyses, without providing insights that are readily
interpretable by medical practitioners. Often,
evaluations are limited to conventional metrics like
Accuracy, Precision, Recall, F1-Score, and AUC,
which, while important, fall short in explaining why a
particular prediction was made or how actionable
interventions can be derived. In this context, the
present study advances existing approaches by not
only identifying risk factors but also offering clinically
relevant and concrete explanatory mechanisms. This
interpretability enhances trust and promotes the
adoption of predictive models within medical
environments.

Theoretically, this study reinforces the urgency and
relevance of applying interpretable ML approaches
within the healthcare domain, particularly when
addressing sensitive and complex issues such as
miscarriage. The wuse of anchor rules and
counterfactual explanations demonstrates that Al-
based predictive models can be developed while
maintaining transparency, accountability, and clarity.
Practically, the results of this study create
opportunities for healthcare professionals to access
prediction outputs that are not only accurate but also
understandable and actionable, thereby supporting
faster and evidence-based clinical decision-making.
Nonetheless, limitations related to the subjectivity of
certain input variables and the absence of direct
validation from medical experts remain critical
concerns that must be addressed before these models
can be widely adopted in clinical practice.

To improve the validity and utility of the model,
future research is encouraged to incorporate larger and
more representative datasets that reflect populations
from diverse regions or demographic backgrounds.
Additionally, integrating more comprehensive clinical
variables such as medical history, psychological stress
levels, and medication interactions would provide
deeper context for predictive modeling. Implementing
constraints in the generation of counterfactuals is also
necessary to ensure that the resulting scenarios remain
medically realistic and clinically —meaningful.
Moreover, the active involvement of medical
professionals in validating the model's interpretability
is crucial to ensure that the outputs align with ethical
standards and safe clinical practices. This
collaborative approach is expected to facilitate the
development of Al systems that truly function as
reliable, data-driven, and personalized decision-
support tools in clinical settings.
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