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Abstract— An estimated 48 to 180 million couples
worldwide suffer from infertility, which highlights the
urgent need for accurate prediction techniques in
assisted reproductive technologies, especially in vitro
fertilization (IVF). This study presents a novel hybrid
optimization model that integrates Cuckoo Search (CS)
and Invasive Weed Optimization (IWO) techniques to
enhance the predictive accuracy of K-Nearest
Neighbours (KNN) for IVF success rates. Utilizing a
comprehensive dataset encompassing various factors
influencing IVF outcomes—such as ovarian age,
smoking habits, and embryo quality—this research
addresses the limitations of traditional KNN models,
including sensitivity to feature selection and overfitting.
The results demonstrate that the CS-KNN model
achieves superior performance metrics, with a precision
of 85%, recall of 85%, and an Fl-score of 84%,
compared to the IWO-KNN model, which yields
slightly lower results. Additionally, the receiver
operating characteristic (ROC) curve analysis reveals an
area under the curve (AUC) of 0.91 for CS-KNN,
indicating its enhanced ability to differentiate between
successful and unsuccessful IVF cases. These findings
suggest that the hybrid CSIWO-KNN model offers a
more reliable tool for predicting IVF outcomes, with
potential implications for personalized reproductive
healthcare. Future research may explore the integration
of additional biological factors and the applicability of
this optimization framework to other machine learning
algorithms to further advance predictive capabilities in
reproductive medicine.
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I. INTRODUCTION

Between 10 and 25 percent of couples of reproductive
age globally are thought to be infertile. It is estimated
that over 48 to 180 million couples has been
affected[1]. In vitro fertilisation (IVF) is the only
alternative with a high rate of fertilisation success and
the most dependable and efficient way to treat infertility
[2]. Over nine million IVF babies have been born
globally, making it a revolutionary assisted
reproductive technology (ART) method [3]. In terms of
financial, emotional health, and physical health, IVF is
a demanding procedure. IVF's success rate is uncertain,
though. Therefore, if an automated system could be
developed to forecast the success rate of IVF, it would
be a huge relief. Couples will save needless stress as a
result of this [4].

India.

In reproductive medicine, machine learning has shown
great promise and applicability, particularly in the areas
of embryo grading and embryo implantation rate
prediction [5]. The application of machine learning to
forecast IVF success rates has been the subject of
numerous studies. Numerous studies have determined
that a number of factors affect the success rate,
including age [6], infertility causes, embryo quality, and
follicle-stimulating hormone (FSH) dosage [7]. Given
the complexities of IVF and the various factors
influencing its success, this study aims to enhance
predictive accuracy in IVF outcomes through hybrid
optimization approaches. By integrating Cuckoo Search
and Invasive Weed Optimization techniques with K-
Nearest Neighbours (KNN), we seek to refine success
rate prediction. This hybrid model is expected to aid
clinicians and patients by offering more reliable
predictions, improving the success rate of IVF.

II. LITERATUREREVIEW

The ART area makes extensive use of machine
learning, a subset of artificial intelligence (Al), because
of its potential to eliminate human error, automate
processes, and provide predictive analytics [6]. Mchta
Vaishali et al. [4]In order to predict IVF success rates,
this study investigates a number of machine learning
models, such as neural networks, Support Vector
Machines (SVM), and K-Nearest Neighbours (KNN).
Specifically, Adaboost have demonstrated high
predictive accuracy (up to 97.5%), surpassing other
models. Studies reveal age is a key determinant, with
clinical pregnancy success dropping after age 36 and
further declining past 40. Furthermore, the number of
embryos transferred in a single cycle is positively
correlated with the chance of a successful pregnancy,
indicating that the number of embryos transplanted can
improve clinical pregnancy outcomes in IVF.

Though KNN has less accuracy in various studies, its
simplicity and interpretability make it popular in IVF
prediction. However, KNN is sensitive to data scaling,
feature selection, and the number of nearest neighbors
(k), impacting its accuracy. Optimizing KNN can
improve classification  performance, addressing
limitations like overfitting and sensitivity to irrelevant
features[8], [9]. Optimized KNN models have shown
potential in providing more consistent and reliable
predictions[10]. Because they strike a balance between
exploration and exploitation, nature-inspired algorithms
like Cuckoo Search and Invasive Weed Optimisation
(IWO) are frequently used to optimise machine learning
models.Cuckoo Search mimics brood parasitism to
explore global search spaces efficiently, while TWO
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emulates plant growth, offering strong local search
capabilities[11], [12]. Both methods have demonstrated
success in optimizing neural networks and classification
algorithms, making them promising for enhancing KNN
in complex datasets like IVF.

The hybrid CSIWO-KNN model aims to leverage the
strengths of both Cuckoo Search and IWO to optimize
KNN’s input parameters, such as input weights and
hidden neurons, enhancing classification accuracy. By
fine-tuning neighbour selection and weight distribution,
this model provides a tailored approach for IVF data,
potentially improving prediction accuracy, and
addressing IVF challenges such as patient-specific
variability and feature importance.

III. METHODOLOGY

This section delineates a systematic methodology for
crafting and implementing CSIWO-KNN algorithms to
optimize the prediction of IVF success rates. This
process workflow is carried out in google colab, an
Integrated Development Environment(IDE) for the
python. Figure 1 illustrate the workflow of the model
development and implementing classification models
designed to enhance the accuracy of success rate
prediction ns in IVF treatments.

KN Optimizton Eralaton

Duaclion - Dut P

Fig 1: Workflow of proposed method
Data Collection

The data to comprehend the diagnostic success or
failure of the IVF treatment takes into account the
dossier relevant to the following attributes:

e Ovarian Age

e  Smoking habits

e Frequency of alcohol consumption

e History of accidents or serious trauma

e Previous surgical interventions

e Embryo Status (Fresh or Frozen)

e Embryo type

e Number of Good, Fair, and Poor-quality
embryos

e Maximum Heartbeats

e Liveborn status

e Diagnosis

The preprocessing entails the transformation of
categorical variables (such as smoking habits, alcohol
consumption, accident/trauma, surgical interventions,
fresh/frozen sperm, and embryo type) into numerical
representations, while methodically handling missing
data to standardize the incorporated features for further
processing.

Techniques Used
K-Nearest Neighbour (KNN)

One supervised machine learning approach that is
mostly used for classification is the k-nearest neighbour
(KNN) algorithm. Predicting diseases has made
extensive use of it [13]. For data of various sizes, label
counts, noise levels, ranges, and contexts, the technique
is well known for its application in resolving regression
and classification problems [14].

The K-Nearest Neighbour (KNN) is utilized to stratify
the IVF profiles, while taking into account the number
of neighbours, and the measure of neighbourhood
classification implemented through the Euclidean
distance. The below formula is indicative of the
Euclidean distance, and is as follows:

D= (M2-M1)2+ (N2-N1)2 )

Optimization Techniques
Cuckoo Search

Based on the brood reproductive method used by
cuckoo birds to boost their population, the Cuckoo
Search (CS) algorithm is likewise inspired by nature
[15]. In contrast to the firefly, bee colony, PSO, and ant
colony algorithms that were proposed in 2008, 2005,
1995, and 1992, respectively, the CS algorithm, which
was proposed by Yang and Deb in 2009, is a new
swarm-based method.Nonetheless, the CS has been
modified to include a number of variations created by
scholars to address the characteristics of the
optimisation problem's search space [16].

The breeding behaviour of cuckoos has been idealised
by Cuckoo Search. Many different types of optimisation
problems can be solved using the CS method. This
optimization algorithm improves efficiency, accuracy
and convergence rate[17].
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Figure 2: Cuckoo search algorithm flowchart[18]
Invasive weed optimization algorithm

The behaviour of weed colonies served as the
inspiration for the population-based evolutionary
optimisation technique known as the invasive weed
optimisation algorithm (IWO). Using fundamental
characteristics  like  seeding, development, and
competition in a weed colony, this algorithm is
straightforward but efficient in convergent to optimal
solutions [19].
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Figure 3: Invasive weed optimization algorithm
flowchart[19]

Prediction and Evaluation

Specificity, accuracy, and sensitivity are the assessment
criteria utilised to assess the performance of the
developed CSIWO-based KNN algorithm.

Precision: The percentage of pertinent occurrences
among the recovered instances is known as the positive
predictive value.

Recall: The percentage of pertinent cases that were
recovered is called recall, sometimes referred to as
sensitivity. Thus, relevance is the foundation for both
recall and precision.

F1-Score: The accuracy of a model on a dataset is
gauged by the F-score, also known as the Fl-score.
Binary classification systems that divide examples into
"positive" and "negative" categories are evaluated using
it [20].The number of true positives (TP), true negatives
(TN), false positives (FP), and false negatives (FN)
generated by the model is displayed in a confusion
matrix: FP stands for wrongly predicted positive class,
FN for incorrectly predicted negative class, TP for
correctly predicted positive class, and TN for correctly
predicted negative class. By calculating the metrics
accuracy, recall, precision, and Fl-score from the
values in the table, a confusion matrix aids in
comparing and assessing the performance of machine
learning models. These metrics were then used to rank
the learner models [21], [22].

IV RESULT

This section presents the throughputs obtained from the
technical implementations of KNN algorithm optimized
through CS and IWO. The optimized models were
evaluated based on performance metrics, confusion
metrics and ROC curve.
Performance Metrices

Model Comaparsion
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Figure 4: Performance metrices score of optimized
models
The hybrid optimized KNN models CS and IWO, was
compared by performance metrices. With a precision of
85%, recall of 85%, and an Fl-score of 84%, it is
shown that the CS-KNN model performs marginally
better across the board, demonstrating excellent
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reliability in correctly forecasting positive IVF
outcomes and successfully recognising true positives.
Followed by the IWO-KNN have slightly lower, with a
precision, recall, and Fl-score of 82%. Which suggest
that both optimization methods significantly improve
the predictive capability, the CS approach provides a
small but notable advantage, making it a preferable
choice for applications where precision and balanced
performance are critical for predicting IVF success
rates.

Confusion matrix
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Figure 5: Confusion matrix of optimized models: CS
and IWO

The confusion matrices illustrate(figure 4), CS-KNN
achieved 80 TN and 78 TP, with 13 FP and 16 FN.
Whereas, the IWO-KNN attained 76 TN and 78 TP,
alongside 17 FP and 16 FN. CS-KNN shows a
marginally better performance, as it recorded fewer
false positives, indicating a slightly enhanced ability to
accurately identify unsuccessful IVF cases. Overall, the
results highlight that CS and IWO optimization
approaches are effective in enhancing KNN's predictive
performance, Cuckoo Search may offer a slight
advantage in reducing classification errors, particularly
in identifying cases with lower chances of success.

ROC Curve
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Figure 6: ROC curves for KNN models optimized with
CS and IWO.

The ROC (Receiver Operating Characteristic) curve
shown compares the performance of hybrid
optimization of CS-KNN and IWO-KNN. The CS-
KNN model has an area under the curve (AUC) of 0.91,
whereas the IWO-KNN model has an AUC of 0.82.

The CS-KNN, with an AUC of 0.91 indicates better
model performance, as it reflects a stronger ability to
differentiate between true positives and false positives
compared to the IWO-KNN, which has an AUC of
0.82. This difference suggests that the CS-KNN is more
effective at distinguishing between successful and
unsuccessful IVF cases, making it potentially more
reliable for applications requiring precise IVF outcome
predictions.

V CONCLUSION

This study highlights the hybrid optimization
approaches in enhancing the predictive accuracy of K-
Nearest Neighbours (KNN) models for In Vitro
Fertilization (IVF) success rate prediction. By
employing Cuckoo Search and Invasive Weed
Optimization techniques, this research addressed the
challenges associated with IVF outcome prediction,
offering valuable insights into model performance. The
CS-KNN model outperformed the IWO-optimized
model, which obtained somewhat lower metrics, in
terms of precision (85%), recall (85%), and F1-score
(84%). The ROC curve analysis further substantiated
the advantages of the CS-KNN, with an AUC of 0.91,
compared to 0.82 for the IWO-based model, indicating
a stronger capacity to distinguish between positive and
negative IVF outcomes. These findings suggest that the
CS-KNN model provides a more reliable and accurate
tool for predicting IVF success.

The study does, however, have certain shortcomings.
First off, the results may not be as generalisable to
different demographics or clinical contexts because the
models were trained on a particular dataset.
Additionally, the study did not account for certain
biological and environmental factors that could
influence IVF outcomes, such as patient age, hormonal
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levels, and lifestyle choices. Incorporating these
variables in future research could enhance the model’s
predictive capability. Furthermore, while the hybrid
optimization framework demonstrated effectiveness
with KNN, the applicability of these methods to other
machine learning algorithms remains to be validated.
Future research could explore the integration of
additional factors influencing IVF success and expand
the hybrid optimization framework to incorporate other
machine learning algorithms, thereby advancing the
potential for personalized and precision-based
reproductive healthcare.
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