
• Optimizing in vitro 

fertilization (IVF) 

outcomes requires a 

personalized approach

based on patient-specific 

factors.

• This study leverages data mining 

techniques to analyse IVF cycle 

data and develop a logistic 

regression model for 

individualized treatment protocol 

recommendations, aiming to 

enhance success rates

Variables and Formula
Z = ∑ (

𝑋𝑖 − 𝜇𝑖

σi
)× βi

Expanded Formula:

Z = ((Age - 32)/4 * -0.309) +

((Infertility Duration - 5)/2 * 0.171) +

((AMH - 2.5)/1 * -0.010) +

((FSH - 8)/2 * -0.714) +

((AFC - 12)/4 * 1.402) +

((Oocytes Retrieved - 10)/3 * 1.471) +

((Embryo Grade - 3)/0.5 * 0.312) +

((Endometrial Thickness - 9)/1.5 * 0.608) +

((BMI - 24)/3 * -0.146) +

((Smoking - 0.2)/0.4 * -0.423) +

((Sperm DNA Fragmentation - 20)/10 * -3.144) +

((Prior Live Birth - 0.3)/0.45 * 0.248) +

((Uterine Volume - 75)/15 * -0.24) +

((Hydrosalpinx - 0.3)/0.45 * -0.21)

Probability of Positive Beta HCG= 
𝟏

𝟏+𝒆−𝒛

• This study highlights the potential of data 

mining and predictive modelling in 

personalizing IVF treatments. The integration 

of machine learning-driven insights can 

enhance clinical decision-making, improving 

patient outcomes and success rates.

• The Logistic regression model identified high-

impact factors influencing implantation and 

pregnancy outcome.

• Future research will focus on refining AI-

driven decision support tools for broader 

clinical application. 

• The limitation of study was that at present 

analysis and model development was done on 

internal data and external data is required 

for accuracy of mode

• This was a retrospective, multicentre data mining 

study analysing 500 IVF cycles from two IVF 

centres in Ahmedabad and Two from Punjab- one 

from Jalandhar and the other from Amritsar, India. 

• The study applied advanced statistical 

modelling and machine learning techniques to 

identify key predictive factors influencing IVF 

outcomes and optimise treatment strategies

• Comprehensive clinical, embryological, and 

laboratory data of more than 100 parameters 

were collected, including patient demographics, 

ovarian reserve markers, stimulation 

protocols, embryo quality, and implantation 

success. Data preprocessing involved handling 

missing values, feature selection, and outlier 

detection to ensure model accuracy.

• A logistic regression model was developed to 

predict IVF success probability, incorporating:

• Key predictive variables identified through 

feature selection.

• Regression coefficients to quantify each factor’s 

impact on outcomes.

• Model validation using cross-validation 

techniques to ensure robustness.

The model was further refined to generate 

personalized treatment protocol 

recommendations based on patient profiles, aiming 

to optimize ovarian stimulation, embryo 

selection, and implantation strategies.
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1
• Data Collection (300 IVF 

cycles from 4 centres

2
• 100+ Variable tracked per 

cycle

3
• Feature selection (p<0.05) 

30 predictors

4
• Model 1: Age only Logistic 

Regression Accuracy:56%

5
• Model 2: Logistic 

Regression (30 Variable )

6
• Allowing Individualized 

interventions
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• Total 146 parameters were collected and tested 

for statistical significance. Out of which around 

30 parameters were found to be significant. 

• All the analysis and development of the logistic 

regression model was based on significant 

parameters. The logistic regression model 

identified high-impact factors influencing 

implantation and pregnancy outcomes, allowing 

for more targeted and individualized 

interventions
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