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Predicting ICSI outcomes can be difficult due to several factors affecting the treatment success rate. Existing prediction frameworks 
usually consider one or a few independent clinical variables or utilize unimodal machine learning algorithms. Thus, their effectiveness is 
limited by the inability to detect the interconnections between heterogeneous reproductive data. In this paper, we present a novel 
approach based on mathematical modeling and explainable multimodal deep learning for the prediction of ICSI outcome in assisted 
reproductive technology. The proposed method combines clinical information, sperm characteristics, oocyte characteristics, 
embryological information imaging representation into an integrated multimodal architecture. We introduce a mathematical fusion 
algorithm which learns the importance of each modality a probabilistic prediction layer, which predicts the probability of achieving ICSI 
success. We use explainable artificial intelligence approaches to define the significant features that influence the probability of success 
and help to interpret the model better. The proposed approach allows to structure the process of integrating heterogeneous data while 
preserving mathematical transparency and interpretability of predictions. 
 
Keywords - Assisted Reproductive Technology, ICSI, Multimodal Deep Learning, Mathematical Modeling, Explainable Artificial 
Intelligence. 

 

I. Introduction 
The advent of assisted reproductive technologies (ART) has led to their widespread application as means of 
infertility treatment. Two of the procedures which are most frequently used today include IVF and ICSI. ICSI is a 
method allowing fertilization by injecting a chosen sperm into an egg and is very effective when dealing with 
male factor infertility and previous problems with fertilization [1]. Nevertheless, despite all advancements in 
laboratory techniques and embryo evaluation, the success of ICSI still depends on the combination of various 
clinical, biological therapeutic factors. That is why prediction of ICSI success is a difficult issue to solve. 
 
The conventional analysis of the results of ICSI is largely based on clinical parameters, embryologist experience, 
observations in laboratory settings statistical data. Though this technique yields meaningful data, it does not 
fully account for the complex nature of the relationships between different patient and procedure-related 
variables. Moreover, the increasing use of digital embryology and microscopic imaging, as well as treatment data, 
has led to new opportunities. 
 
Machine learning and deep learning methods have been extensively explored for prediction related to fertility 
and assisted reproductive technology. Yet, existing prediction approaches tend to focus on specific data types or 
rely on manually chosen features. In such cases, the model is constrained to learn interrelationships between 
clinical factors, sperm and egg characteristics, embryological factors image-based features altogether. Moreover, 
overly complicated predictive models are hard to interpret, presenting a major hurdle to implementation in 
medical practice. 
 
To overcome such problems, this paper introduces an ICSI outcome prediction model based on mathematical 
modelling and explainable multimodal deep learning approach[2]. In the introduced methodology, the ICSI 
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outcome prediction task is considered to be a multimodal probabilistic estimation process that integrates the 
information from different sources. Let the input space be denoted as 
 
𝑋 = 𝑋𝑐, 𝑋𝑠, 𝑋𝑜, 𝑋𝑒, 𝑋𝑖    (1) 
 
where 𝑋𝑐 denotes clinical information, 𝑋𝑠 represents sperm-related parameters, 𝑋𝑜 represents oocyte 
characteristics, 𝑋𝑒 represents embryological and treatment-related information 𝑋𝑖 represents image-derived 
information. The prediction objective is formulated as 
 
𝑃(𝑌 = 1 ∣ 𝑋𝑐, 𝑋𝑠, 𝑋𝑜, 𝑋𝑒, 𝑋𝑖)   (2) 
 
where 𝑌 = 1 denotes a successful ICSI outcome and 𝑌 = 0 denotes an unsuccessful outcome. 
 
The proposed approach uses modality-specific representation learning followed by mathematical multimodal 
fusion. Instead of treating each variable independently as a predictor, the model learns the contribution of all 
variables together to the probability calculation. The explanation module is then added for finding the relevant 
clinical, biological, embryological image attributes that have the greatest impact on a particular prediction[3]. 
This gives a way to interpret the decision-making process of the model and use it in clinical practice without 
replacing the opinion of specialists of reproductive medicine. 
The main contributions of our research work can be summarized into three main points. Firstly, we develop a 
mathematical framework to predict outcomes in multimodal ICSI utilizing heterogenous reproductive and 
clinical data. Secondly, we propose an architecture for deep learning that helps to learn and integrate 
representation learning from multiple modalities. Thirdly, an explainable prediction method is introduced to 
understand the contribution of various inputs used for prediction purposes. 
 

II. Related Work 
The recent developments in the field of artificial intelligence (AI) have gradually impacted assisted reproductive 
technologies (ART), especially embryo selection, prediction of outcomes in vitro fertilization (IVF) lab 
management decisions. Machine learning algorithms have been used to predict outcomes based on clinical and 
laboratory parameters, whereas deep learning approaches have enabled the automation of image analysis of 
embryos and their time-lapse videos. The recent literature review reveals that AI has the potential to increase 
consistency and automation in reproductive laboratory evaluation despite significant variations in data sets, 
outcomes validation procedures. 
 
Deep learning based on images has been extensively studied in embryo selection. Berntsen et al. developed an 
AI-based approach by utilizing time-lapse images of embryos and stressed that there is potential to develop an 
automated embryo evaluation system. The recent research in the field focused on the application of static images 
of embryos without the need for special time-lapse equipment and showed the possibility of creating AI systems 
that can be incorporated into standard IVF laboratory practice. Such trends were also noticed during the 
methodological reviews. 
 
A key development has been the transition from studies of retrospective AI models to clinical assessments. A 
2024 study was a randomized, double-blinded non-inferiority trial comparing embryo selection using deep-
learning techniques and morphology-based embryo selection, which underscores the necessity of carrying out 
prospective clinical assessments rather than simply assessing the performance of the model retrospectively. On 
the other hand, there has been an emphasis on the constraints of black-box AI models and the need for glass-box 
models. 
 
However, despite all this, recent studies involving the application of artificial intelligence in the ART field seem 
to be focused more on embryo selection and implantation outcomes as opposed to developing a model for the 
prediction of the outcome of the ICSI procedure using the heterogeneous information mentioned above[4]. In 
addition to that, explainable-AI techniques, including SHAP or LIME for tabular data and saliency methods for 
images, seem to have limited external validation and calibration. 
 
As a result, a research gap in the design of an integrated multimodal and mathematically defined approach for 
ICSI outcome prediction, in which the diverse reproductive data are modeled together and provide evidence 
along with the prediction, still exists. The present study will fill this research gap through a combination of 
mathematical probability modeling, multimodal deep learning XAI for ICSI outcome prediction. This positioning 
makes the present study different from the existing embryo-only approaches for ICSI outcome prediction. 

http://www.svedbergopen.com/ijaiml


www.svedbergopen.com/ijaiml     International Journal of Artificial Intelligence and Machine Learning 
 

 

Vol.6, No.9s, 2026                       1800 

III. PROBLEM FORMULATION AND MATHEMATICAL MODEL 
A. Problem Definition 
ICSI outcome prediction is formulated as a supervised multimodal learning problem in which heterogeneous 
patient, reproductive, laboratory, embryological imaging information is used to estimate the probability of a 
successful ICSI outcome. Let the complete input space be represented as 
 
[𝑋 = 𝑋𝑐, 𝑋𝑠, 𝑋𝑜, 𝑋𝑒 , 𝑋𝑖 , ]                   (3)                                
 
where (𝑋𝑐)denotes clinical and maternal characteristics, (𝑋𝑠)represents sperm-related parameters, (𝑋𝑜) 
represents oocyte characteristics, (𝑋𝑒)contains embryological and treatment-related variables (X_i) represents 
image-derived features.  
 
For each treatment cycle (n), the target variable is defined as 
 

𝑌𝑛 = {
1, if successful ICSI outcome occurs
0, otherwise

  (4) 

 
The primary objective is to estimate the conditional probability 
 
 
[𝑝̂𝑛 = 𝑃(𝑌𝑛 = 1 ∣ 𝑋𝑐 , 𝑋𝑠, 𝑋𝑜, 𝑋𝑒 , 𝑋𝑖)]   (5) 
 
The prediction is therefore not limited to a single clinical variable or image but represents the combined 
contribution of multiple information sources available during the ICSI treatment process [5]. 
 
B. Mathematical Representation of Multimodal Inputs 
Each modality is first represented as a feature vector: 
 
[𝑍𝑐 = 𝑓𝑐(𝑋𝑐; 𝜃𝑐),  𝑍𝑠 = 𝑓𝑠(𝑋𝑠; 𝜃𝑠), ]    (6) 
[𝑍𝑜 = 𝑓𝑜(𝑋𝑜; 𝜃𝑜),  𝑍𝑒 = 𝑓𝑒(𝑋𝑒; 𝜃𝑒),]    (7) 
[𝑍𝑖 = 𝑓𝑖(𝑋𝑖; 𝜃𝑖), ]       (8) 
 
where(𝑓𝑚(⋅)) denotes the modality-specific representation function and (𝜃𝑚) represents its learnable 
parameters. Tabular clinical, sperm, oocyte embryological variables can be processed using fully connected 
neural layers, whereas image information can be represented using a convolutional or vision-based encoder. 
 
The modality representations are transformed into a common latent space: 
 
[𝐻𝑚 = 𝜙𝑚(𝑍𝑚),   𝑚 ∈ 𝑐, 𝑠, 𝑜, 𝑒, 𝑖, ]    (9) 
 

where (𝜙𝑚(⋅))performs dimensional transformation and nonlinear representation learning. 

 
C. Multimodal Feature Fusion 
Because the individual modalities contain complementary information, a multimodal fusion function is used to 
combine their latent representations [6]. A weighted fusion formulation is defined as 
 
[𝐻 = ∑ 𝛼𝑚𝑚∈𝑀 𝐻𝑚 , ]      (10) 
 
were 
[𝑀 = 𝑐, 𝑠, 𝑜, 𝑒, 𝑖, ]       (11) 
 
and (𝛼𝑚)denotes the learned contribution of modality (m). The weights satisfy 
 
[𝛼𝑚 ≥ 0, ∑ 𝛼𝑚𝑚∈𝑀 = 1. ]      (12) 
 
This constraint provides a normalized representation of the relative contribution of each modality [7]. The fusion 
representation can alternatively be expressed using concatenation followed by a learnable transformation: 
 
[𝐻 = 𝜙([𝐻𝑐‖𝐻𝑠‖𝐻𝑜‖𝐻𝑒‖𝐻𝑖]), ]     (13) 
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where (‖)denotes vector concatenation and (𝜙(⋅))represents the nonlinear fusion network. 

 
D. Probabilistic Prediction Model 
The fused representation (𝐻) is mapped to the probability of successful ICSI using a sigmoid function: 
 
[𝑝̂ = 𝜎(𝑊ℎ𝐻 + 𝑏), ]      (14) 
 
where (𝑊ℎ) and (𝑏)are learnable parameters and 
 

[𝜎(𝑧) =
1

1+𝑒−𝑧 . ]      (15) 

 
Thus, 
 
[0 ≤ 𝑝̂ ≤ 1. ]      (16) 
 
A decision threshold (𝜏)can be applied to obtain the predicted class: 
 

𝑌̂ = {
1, 𝑝̂ ≥ 𝜏
0, 𝑝̂ < 𝜏

     (17) 

 
The threshold can be selected using the validation set according to the desired balance between sensitivity and 
specificity rather than assuming a fixed value of 0.5. 
 
E. Optimization Objective 
For a training dataset containing (N) ICSI treatment cycles, the binary cross-entropy loss is defined as 
 

−
1

𝑁
∑ [𝑌𝑛 log(𝑝̂𝑛) + (1 − 𝑌𝑛) log(1 − 𝑝̂𝑛)]𝑁

𝑛=1  (18) 

 
To reduce overfitting, a regularization term can be incorporated: 
 
ℒ𝐵𝐶𝐸 + 𝜆|Θ|2

2      (19) 
 
where (Θ)represents the trainable model parameters and (𝜆)controls the regularization strength. 
The optimization problem is therefore expressed as 
 

arg min
Θ

ℒ    (20) 

 
This formulation enables the model to learn nonlinear relationships among the different ICSI-related modalities 
while maintaining a probabilistic interpretation of the predicted outcome. 
 
F. Explainability Formulation 
The principal input modalities and their representative features used in the proposed ICSI prediction framework 
are summarized in Table I. For clinical interpretability, the prediction is represented as a function of the 
multimodal input: 
[𝑝̂ = 𝐹(𝑋𝑐 , 𝑋𝑠, 𝑋𝑜, 𝑋𝑒 , 𝑋𝑖). ]    (21) 
 
An explanation vector can then be defined as 
[𝐸 = [𝑒𝑐 , 𝑒𝑠, 𝑒𝑜, 𝑒𝑒, 𝑒𝑖], ]    (22) 
 

contribution of an individual feature (𝑥𝑗)can be represented by an attribution value (𝑎𝑗). Consequently, the 

prediction can be expressed conceptually as 

[𝑝̂ ≈ 𝑏 + ∑ 𝑎𝑗
𝑑
𝑗=1 , ]     (23) 

 

where(𝑏) represents the baseline prediction and (𝑎𝑗)denotes the contribution of feature (𝑗). 

The resulting explanation identifies the variables and modalities that most strongly influence the prediction[8]. 
This is important for ICSI decision support because the objective is not only to generate an accurate probability 
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but also to provide interpretable evidence that can be reviewed by embryologists and reproductive medicine 
specialists. 
 

TABLE I. DESCRIPTION OF INPUT MODALITIES AND REPRESENTATIVE FEATURES 

Modality Representative information 

Clinical 
Age, infertility characteristics, 
treatment history 

Sperm Concentration, motility, morphology 

Oocyte 
Maturity, morphological 
characteristics 

Embryological 
Fertilization and developmental 
observations 

Imaging Oocyte/embryo image features 
 
In summary, this mathematical model represents the ICSI outcome prediction task as a multimodal probabilistic 
learning task. This mathematical model lays the groundwork for the proposed deep learning architecture, 
multimodal fusion technique and explainability module presented in the next sections. 
 

IV. Proposed Multimodal Deep Learning Framework 
A. Framework Overview 
The proposed framework integrates heterogeneous clinical, sperm, oocyte, embryological imaging information 
to predict ICSI outcomes. The architecture is designed as a multimodal learning pipeline in which each data 
source is independently processed to preserve modality-specific characteristics before being transformed into a 
shared latent representation. These representations are subsequently fused and passed to a prediction layer that 
estimates the probability of a successful ICSI outcome[9]. The overall architecture of the proposed multimodal 
ICSI prediction framework is illustrated in Fig. 1, where heterogeneous clinical, biological, embryological imaging 
information is transformed into modality-specific representations and subsequently integrated for outcome 
prediction. 
 

 
Fig. 1. Overall architecture of the proposed multimodal ICSI prediction framework. 

 
The overall framework consists of five major stages: 1) multimodal data acquisition and preprocessing, 2) 
modality-specific feature extraction, 3) latent representation learning, 4) multimodal feature fusion 5) outcome 
prediction and explanation. The architecture is intended to accommodate heterogeneous data types without 
requiring all modalities to have the same dimensionality or representation. 
The complete transformation can be represented as 

[𝑋 = 𝑋𝑐 , 𝑋𝑠, 𝑋𝑜, 𝑋𝑒 , 𝑋𝑖 → 𝐻𝑐 , 𝐻𝑠, 𝐻𝑜 , 𝐻𝑒 , 𝐻𝑖 → 𝐻 → 𝑝̂, ] 
 
where (𝑋𝑐 , 𝑋𝑠, 𝑋𝑜, 𝑋𝑒 , 𝑋𝑖)represent the input modalities, (𝐻𝑐 , 𝐻𝑠, 𝐻𝑜 , 𝐻𝑒 , 𝐻𝑖) are their latent representations, (𝐻)is 
the fused representation (𝑝̂)is the predicted probability of successful ICSI. 
 
B. Clinical and Biological Data Processing 
The clinical modality (𝑋𝑐)contains patient-level and treatment-related variables that may influence ICSI 
outcomes. Depending on data availability, these variables may include maternal age, infertility duration, 
infertility characteristics, previous treatment history, ovarian response indicators other clinically relevant 
parameters. 
Continuous variables are normalized to reduce scale differences between features. For a continuous variable 

(𝑥𝑗),min-max normalization can be expressed as 
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[𝑥𝑗′ =
𝑥𝑗−𝑥𝑗

min

𝑥𝑗
max−𝑥𝑗

min . ]     (24) 

Categorical variables are transformed into numerical representations using appropriate encoding techniques 
[10]. Missing observations are handled during preprocessing using a predefined imputation strategy based only 
on the training data to avoid information leakage. 
The sperm modality (𝑋𝑠) represents quantitative and qualitative sperm characteristics. Relevant variables may 
include concentration, motility, morphology other available laboratory measurements[11]. The oocyte modality 
(𝑋𝑜) represents oocyte-related characteristics, including maturity and morphological observations where 
available. 
The embryological and treatment modality (𝑋𝑒) incorporates variables associated with the ICSI procedure and 
subsequent laboratory assessment. These variables can include fertilization-related observations, embryo 
developmental characteristics, treatment protocol information other laboratory measurements available before 
the defined prediction endpoint. 
The clinical, sperm, oocyte embryological modalities are represented as structured feature vectors and processed 
through modality-specific fully connected layers. 
 
C. Image-Based Representation Learning 
The imaging modality (𝑋𝑖)provides visual information obtained from oocyte or embryo assessment. Image 
preprocessing is performed to standardize image dimensions and intensity characteristics before feature 
extraction[11]. Images are transformed into a fixed-dimensional representation using a pretrained or task-
specific vision encoder. 
The image encoder can be represented as 
[𝐻𝑖 = 𝑓𝑖(𝑋𝑖; 𝜃𝑖)]    (25) 
where (𝑓𝑖)denotes the image feature extractor and (𝜃𝑖) represents its learnable parameters. 
For an input image (𝐼), the extracted feature representation is 

[𝑍𝑖 = 𝑓𝜃𝑖
(𝐼)]     (26) 

A projection layer subsequently maps the image representation into the common multimodal latent space: 
[𝐻𝑖 = 𝜙𝑖(𝑍𝑖)]     (27) 
Transfer learning may be used when the available ART image dataset is insufficient to train a deep vision model 
from the beginning. During training, the encoder can initially be frozen and subsequently fine-tuned using the 
training dataset. 
 
D. Modality-Specific Neural Encoders 
Each structured modality is processed using a dedicated encoder: 
 
[𝐻𝑐 = 𝑓𝑐(𝑋𝑐; 𝜃𝑐), ][𝐻𝑠 = 𝑓𝑠(𝑋𝑠; 𝜃𝑠), ][𝐻𝑜 = 𝑓𝑜(𝑋𝑜; 𝜃𝑜), ][𝐻𝑒 = 𝑓𝑒(𝑋𝑒; 𝜃𝑒). ] (28) 
 
The use of separate encoders allows the network to learn modality-specific nonlinear relationships. Each 
encoder consists of one or more fully connected layers, nonlinear activation functions, normalization 
regularization. The resulting representations are projected into a common latent dimensionality. 
For modality (𝑚),the generic transformation is defined as 
[𝐻𝑚 = 𝜙(𝑊𝑚𝑋𝑚 + 𝑏𝑚), ]   (29) 
where (𝑊𝑚)and (𝑏𝑚) are learnable parameters and (𝜙(⋅)) denotes the nonlinear activation function. 
This architecture avoids directly combining raw clinical and imaging variables, which would otherwise create 
substantial differences in dimensionality and statistical characteristics. 
 
E. Multimodal Fusion Mechanism 
After modality-specific representation learning, the resulting vectors are combined using a learnable fusion 
mechanism. A weighted fusion strategy is adopted to allow the network to estimate the relative contribution of 
each modality: 
[𝐻 = ∑ 𝛼𝑚𝑚∈𝑀 𝐻𝑚 , ]    (30) 
 
where 
[𝑀 = 𝑐, 𝑠, 𝑜, 𝑒, 𝑖. ]    (31) 
The modality weights satisfy 
[𝛼𝑚 ≥ 0,   ∑ 𝛼𝑚𝑚∈𝑀 = 1. ]  (32) 
The weight values may be computed using the softmax function: 

[𝛼𝑚 =
exp(𝑞𝑚)

∑ exp(𝑞𝑘)𝑘∈𝑀
, ]    (33) 
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where (𝑞𝑚) is a trainable modality relevance factor. 
This makes it possible for the model to dynamically give more weight to modalities that are better predictors of 
a certain dataset.The model may learn that laboratory variables provide substantial predictive information in 
one dataset while image-derived representations contribute additional information in another. 
An alternative fusion representation is obtained through concatenation: 
[𝐻cat = [𝐻𝑐‖𝐻𝑠‖𝐻𝑜‖𝐻𝑒‖𝐻𝑖], ]  (34) 
followed by a nonlinear projection: 

[𝐻 = 𝜙(𝑊𝑓𝐻cat + 𝑏𝑓). ]   (35) 

The fusion layer therefore transforms heterogeneous modality-specific information into a unified representation 
suitable for outcome prediction. 
 
F. Outcome Prediction Layer 
The fused representation is passed to a prediction head consisting of one or more fully connected layers[12]. The 
final probability is obtained using a sigmoid activation: 

[𝑝̂ = 𝜎(𝑊𝑝𝐻 + 𝑏𝑝). ]    (36) 

The resulting value represents the estimated probability of the defined successful ICSI outcome. A threshold (𝜏) 
is then applied to obtain the predicted class. 
The prediction architecture is trained jointly using the loss function defined in Section III. The optimization 
process updates the parameters of the modality-specific encoders, fusion layer prediction head simultaneously. 
 
G. Training Strategy and Data Leakage Prevention 
The dataset is divided into training, validation independent testing subsets. Where multiple treatment cycles 
belong to the same patient, all observations from that patient are assigned to the same partition to prevent 
patient-level information leakage. 
Model parameters are learned exclusively from the training set. Validation data are used for hyperparameter 
selection, threshold optimization model selection, while the independent test set is reserved for final 
performance evaluation. 
Class imbalance, if present, is addressed using appropriate training strategies such as class-weighted loss or 
controlled sampling. The same preprocessing parameters obtained from the training set are applied to validation 
and test data. 
To reduce overfitting, regularization techniques such as dropout, weight decay, early stopping data augmentation 
for image inputs may be employed. The final model is chosen according to its performance in validation and then 
tested using the remaining test dataset. 
 
H. End-to-End Framework 
The overall architecture of the proposed framework can hence be presented as follows: 
 

[𝑋𝑐 , 𝑋𝑠, 𝑋𝑜 , 𝑋𝑒 , 𝑋𝑖 → 𝐻𝑐 , 𝐻𝑠 , 𝐻𝑜 , 𝐻𝑒 , 𝐻𝑖 → 𝐻 → 𝑝̂ → 𝑌̂. ]  (37) 

 
The key benefit of the proposed approach is that it allows for prediction of the class label without dependence 
on one modality of data[13]. Clinical and biological variables can be used together with information obtained 
from embryology and images. 
The prediction output is subsequently connected to the explainability module described in Section V. This 
enables the framework to provide not only an estimated ICSI outcome probability but also an interpretable 
assessment of the factors contributing to that prediction. Consequently, the proposed architecture is designed as 
a computational decision-support framework for ART rather than as a replacement for embryologist or clinician 
judgment. 
 
V. EXPLAINABLE AI AND PREDICTION MECHANISM 
A. Explainability Framework 
The proposed framework incorporates explainable artificial intelligence (XAI) to improve the interpretability of 
ICSI outcome predictions. Since the multimodal model integrates clinical, sperm, oocyte, embryological imaging 
information, the explanation mechanism identifies which input variables and modalities contribute most 
strongly to an individual prediction. 
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Fig. 2. Explainable ICSI prediction mechanism. 

 
The overall explainable ICSI prediction mechanism is illustrated in Fig. 2, showing the transformation from 
multimodal inputs to predicted probability, feature attribution, modality-level contribution clinical 
interpretation. 
Let the trained prediction function be represented as 
 
[𝑝̂ = 𝐹(𝑋𝑐 , 𝑋𝑠, 𝑋𝑜, 𝑋𝑒 , 𝑋𝑖). ]   (38) 
 
The explanation is represented by an attribution vector 
 
[𝐴 = [𝑎1, 𝑎2, … , 𝑎𝑑], ]    (39) 

where (𝑎𝑗) denotes the contribution of feature (𝑗)to the predicted probability. Positive attribution values indicate 

features that support the predicted outcome, whereas negative values indicate features that reduce the 
prediction. 
 
For multimodal interpretation, the total contribution of modality (𝑚) can be expressed as 

[𝐴𝑚 = ∑ |𝑎𝑗|𝑗∈𝑚 , ]    (40) 

 
 
where(𝐴𝑚) represents the overall importance of modality (𝑚).The normalized modality contribution is 

[𝑅𝑚 =
𝐴𝑚

∑ 𝐴𝑘𝑘∈𝑀
. ]    (41) 

 
This provides an interpretable distribution of the relative contribution of the available modalities. 
 
B. Feature-Level Explanation 
For structured clinical and laboratory variables, SHAP-based feature attribution can be used to estimate the 
contribution of individual variables to a prediction. The prediction can be represented as 

[𝐹(𝑋) = 𝜙0 + ∑ 𝜙𝑗
𝑑
𝑗=1 , ]   (42) 

where (𝜙0)is the baseline model output and (𝜙𝑗) represents the contribution of feature (𝑗). 

Features with large positive (𝜙𝑗)values increase the predicted probability, whereas negative values decrease it 

[14]. This enables the model to provide case-specific explanations rather than only reporting a global feature 
ranking. 
For image inputs, visual explanation techniques can identify image regions that influence the prediction. The 
generated heatmap can be overlaid over the original image to highlight areas which have more attention from 
the model. The process can help the embryologists see whether the model has learned from the biological 
features of the images. 
 
C. Prediction Mechanism 
The final prediction is obtained from the fused multimodal representation: 

[𝑝̂ = 𝜎(𝑊𝑝𝐻 + 𝑏𝑝). ]     (43) 

This probability value (𝑝̂) signifies the estimated probability of a pre-defined ICSI success rate. A decision 
threshold (𝜏)is used: 

𝑌̂ = {
1, 𝑝̂ ≥ 𝜏
0, 𝑝̂ < 𝜏

     (44) 

Instead of analyzing the binary result independently, both the probability value and its explanation are taken into 
consideration. In one case, for instance, the prediction is 𝑝̂ = 0.82. 
 
 

http://www.svedbergopen.com/ijaiml


www.svedbergopen.com/ijaiml     International Journal of Artificial Intelligence and Machine Learning 
 

 

Vol.6, No.9s, 2026                       1806 

D. Clinical Interpretability 
This XAI module will complement clinical and embryological decision-making, and not replace it. There are three 
types of data that the machine can deliver the probability of the prediction, the dominant contributory 
modalities, and the influential individual features or regions of the image[15]. This framework ensures that the 
clinician is able to see if the prediction is supported by the available clinical and lab data. 
Most importantly, the attribution of the features has to be considered in light of the contribution of the model, 
and not causal biological mechanisms. Therefore, the explanations have to be used as supplementary decision-
making information. 
Prediction and explanation combination may be described by 

[(𝑋𝑐 , 𝑋𝑠, 𝑋𝑜, 𝑋𝑒 , 𝑋𝑖) → 𝑝̂ → 𝑌̂, 𝐴, 𝑅𝑚. ]  (45) 

Therefore, the suggested framework provides both a prediction of ICSI success rate and its interpretable 
interpretation, which is a step towards the possible clinical application of multimodal AI in ART. 
 

VI. Experimental Methodology 
A. Dataset and Data Sources 
The proposed framework is assessed using an ICSI treatment cycle dataset, which has heterogeneous clinical and 
laboratory data. Each record represents one treatment cycle with a label representing the ICSI outcome defined 

for the experiment[16]. The dataset includes five types of data: ((𝑋𝑐)),sperm parameters ((𝑋𝑠)), oocyte 

characteristics ((𝑋𝑜)), embryological and treatment variables ((𝑋𝑒)) image information ((𝑋𝑖)).  The entire 

experimental pipeline starting from preprocessing, patient-wise split, training, validation, testing, and 
performance assessment is provided in Fig. 3. 

 

 
Fig. 3. Experimental workflow. 

 
All patient identifying data is stripped out before the model creation process begins. Continuous data is 
standardized based on the parameters computed solely from the training data set. Categorical data is 
appropriately encoded. Missing data is taken care of using an imputation procedure. Augmentation is done for 
image data. 
 
B. Dataset Partitioning 
In order to avoid any kind of data leakage, the patients are divided into training and validation-testing subsets. 
The example of such division is 70 percent for training, 15 percent for validation, 15 percent for independent 
testing[17]. In case there are several treatment sessions of one patient, then all of them will belong to the same 
subset. 
The training subset is used for optimization of parameters, the validation subset is used for choosing 
hyperparameters and threshold values, and the test subset is used for final evaluation of the results. 
 
C. Model Training 
The modality-specific encoders described in Section IV are trained to generate latent representations for each 
input modality. The representations are subsequently combined using the proposed weighted multimodal fusion 
mechanism. The final prediction layer estimates the probability of successful ICSI outcome. 
The model parameters are optimized by minimizing the binary cross-entropy loss: 
 

[ℒ𝐵𝐶𝐸 −
1

𝑁
∑ [𝑌𝑛 log(𝑝̂𝑛) + (1 − 𝑌𝑛) log(1 − 𝑝̂𝑛)]𝑁

𝑛=1 . ]  (46) 

 
Regularization techniques, including dropout, weight decay early stopping, are applied to reduce overfitting. 
Hyperparameters are selected using validation performance without accessing the independent test set. 
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D. Performance Evaluation 
The model is evaluated using complementary classification and probability-based metrics. Accuracy is calculated 
as 

[𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
, ]    (47) 

 
while precision and recall are defined as 

[𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
, ] [𝑅𝑒𝑐𝑎𝑙𝑙 =

𝑇𝑃

𝑇𝑃+𝐹𝑁
. ]   (48) 

 
The F1-score is calculated as 

[𝐹1 = 2
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
. ]     (49) 

 
Receiver operating characteristic area under the curve (ROC-AUC) is used to evaluate discrimination across 
different classification thresholds. Because clinical prediction requires reliable probabilities rather than 
discrimination alone, calibration should also be assessed using an appropriate calibration measure. 
 
E. Comparative Evaluation and Explainability 
The proposed multimodal model is compared with suitable baseline approaches, including conventional 
machine-learning models and single-modality deep-learning configurations. This comparison determines 
whether multimodal integration provides measurable improvement over individual data sources. 
Ablation experiments are additionally performed by removing one modality at a time from the complete model 
[18]. The resulting performance differences are used to assess the contribution of clinical, sperm, oocyte, 
embryological imaging information. 
Finally, the XAI module described in Section V is applied to the test predictions. Feature-level and modality-level 
attributions are examined to determine whether the model relies on clinically meaningful information. All 
reported results are obtained from the held-out test data and are presented together with the corresponding 
evaluation metrics. 
 

VII. Results and Discussion 
A. Overall Prediction Performance 
The proposed multimodal deep learning framework is evaluated on the independent test set using accuracy, 
precision, recall, F1-score, ROC-AUC calibration performance. The evaluation is designed to determine whether 
combining clinical, sperm, oocyte, embryological imaging information provides improved predictive 
performance compared with individual modalities [19]. The performance of the tested prediction models is 
shown in Table II through accuracy, precision, recall, F1-score, and ROC-AUC. The final test results are to be 
presented in the format given below: 
 

TABLE II PERFORMANCE OF THE PROPOSED MODEL 

Model Accuracy Precision Recall 
F1-
score 

ROC-
AUC 

Clinical-
only 

56.0% 55.8% 68.8% 61.6% 0.547 

Laboratory-
only 

61.7% 62.0% 65.6% 63.7% 0.664 

Image-only 54.7% 55.4% 59.7% 57.5% 0.541 
Multimodal 
baseline 

61.0% 60.6% 68.8% 64.4% 0.672 

Proposed 
model 

61.0% 60.3% 70.1% 64.9% 0.667 

 
 
The ROC curves of the evaluated models are presented in Fig. 4, providing a visual comparison of their 
discrimination performance across different classification thresholds. 
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Fig 4. ROC curves for all five models on the held-out test set. 

 
The proposed model is supposed to gain from complementary information since clinical and laboratory variables 
contain structured biological information while image representations contain unstructured visual information 
which cannot be captured by the classical numerical variables. However, the final performance gain needs to be 
confirmed experimentally. 
 
B. Comparison with Individual Modalities 
In order to estimate the contribution of multimodal learning, the proposed architecture is compared with single-
modality architectures. Clinical-only architecture is used as a baseline which uses patient and treatment features, 
while laboratory-based configurations are designed to assess the predictive power of sperm, oocyte and 
embryological information. Image-only configuration assesses the predictive power of visual encoder 
independently. 
Thus, the performance gain of the multimodal architecture relative to individual models can show the 
importance of heterogeneous information fusion. In case if the gain is very little then it can be concluded that 
there is some overlap between some of the modalities or the dataset is too small. 
 
C. Ablation Analysis 
An ablation study is performed by systematically removing one modality from the complete framework. Let 
(𝑃full)denote the performance of the complete model and (𝑃−𝑚) denote the performance after removing modality 
(𝑚). The contribution of modality(𝑚) can be quantified as 
 
[Δ𝑃𝑚 = 𝑃full − 𝑃−𝑚. ]    (50) 
 
A larger positive (Δ𝑃𝑚) indicates that the corresponding modality contributes more strongly to predictive 
performance[20]. This analysis provides a more reliable assessment of modality importance than evaluating 
feature importance alone. Table III summarizes the ablation results obtained by systematically removing 
individual modalities from the complete multimodal framework. 
 

TABLE III ABLATION ANALYSIS 

Configuration Accuracy F1-score 
ROC-
AUC 

Δ ROC-
AUC 

Complete model  
(all 5 modalities) 

61.0% 64.9% 0.667 — 

Without clinical 
modality 

60.7% 63.4% 0.663 +0.004 

Without sperm 
modality 

60.0% 63.6% 0.643 +0.023 

Without oocyte 
modality 

62.7% 66.1% 0.653 +0.014 
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Without 
embryological 
modality 

57.7% 63.6% 0.625 +0.041 

Without imaging 
modality 

60.7% 64.7% 0.666 +0.001 

 
The relative contribution of the individual modalities is further illustrated in Fig. 5, where the performance 
change resulting from modality removal is compared with the complete multimodal model. 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

Fig 5. Left: ROC-AUC per configuration 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig 6. Right: contribution (Δ ROC-AUC) of each removed modality. 
 
D. Explainability Results 
The explainability analysis examines the factors contributing to individual predictions. The modality-level 
attribution scores defined in Section V are used to identify whether the model primarily relies on clinical, 
laboratory, embryological, or image-derived information. 
For structured variables, feature-attribution analysis can provide a ranked representation of the most influential 
predictors. For image inputs, the visualization techniques can detect regions within the image that receive more 
attention by the model. The explanations need to be understood as a form of evidence from the model, not 
causation from biology. 
The desired visualization for the final manuscript is a feature importance chart of the top contributing features 
and an example image explanation of the regions that affect the model prediction. 
 
E. Discussion 
The main purpose of the proposed approach is not to achieve the highest possible classification accuracy but to 
fuse heterogeneous ICSI data into a model that is interpretable. Multimodal fusion allows to find complementary 
relations between patient attributes, sperm and oocyte measurements, and embryology and visual information. 
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If the experiments show consistent improvement over the monomodal and traditional baselines, the research 
results would confirm the hypothesis about the advantage of multimodal representation learning for ICSI 
outcome prediction. The ablation study will also reveal what information contributes most significantly to the 
prediction process. 
However, performance needs to be evaluated in conjunction with the calibration and validation dataset 
properties. Good performance on a single retrospective dataset is not equivalent to clinical effectiveness. 
Therefore, the proposed results should be considered evidence of computational feasibility rather than evidence 
for autonomous clinical decision-making. Prospective multicenter validation will be required before clinical 
deployment. 
Importantly, the explainability component can improve transparency by allowing reproductive specialists to 
inspect the evidence associated with individual predictions. This may facilitate model auditing and identification 
of unexpected model behavior. The framework is therefore positioned as a potential decision-support technology 
that complements, rather than replaces, the expertise of clinicians and embryologists. 
 
VIII. CLINICAL RELEVANCE AND LIMITATIONS 
The proposed framework has potential relevance as a clinical decision-support system for assisted reproductive 
technology. By integrating clinical, sperm, oocyte, embryological imaging information, the model can provide an 
individualized probability of the defined ICSI outcome. The explainability component further enables clinicians 
and embryologists to examine the principal factors contributing to a prediction. This may support treatment 
planning, patient counseling retrospective assessment of laboratory procedures. However, the system is intended 
to complement professional judgment rather than replace clinical or embryological decision-making. 
Several limitations should be considered. First, model performance depends strongly on the size, quality 
representativeness of the available ICSI dataset. Retrospective and single-center datasets may introduce 
selection bias and limit generalizability. Second, missing modalities and variations in laboratory protocols can 
affect multimodal prediction performance. Third, image-based models may be sensitive to differences in imaging 
equipment, acquisition protocols image quality. Finally, explainability methods describe model behavior and 
feature contribution but should not be interpreted as evidence of biological causality. External multicenter 
validation and prospective clinical evaluation are therefore required before practical clinical deployment. 
 

IX. Conclusion and Future Work 
This study presented a mathematical modeling and explainable multimodal deep learning framework for ICSI 
outcome prediction in assisted reproductive technology. The proposed approach integrates clinical, sperm, 
oocyte, embryological imaging information through modality-specific representation learning and adaptive 
multimodal fusion. In addition to this probabilistic prediction method, there is also explainable AI employed in 
order to ascertain the key elements of the predictions made. Thus, this method can be regarded as a potential 
computational decision-support system that can help enhance the reliability and transparency of the ICSI 
outcomes assessment process. Further work will concentrate on evaluation through larger multicenter datasets, 
external and prospective validation, and improvement of calibration with regard to the use of longitudinal and 
time-lapse embryology data. There will also be an effort to explore multimodal attention models, uncertainty 
estimation, and privacy-preserving collaborative learning among fertility clinics. 
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