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Abstract 

Parameter estimation is a fundamental task in population genetics for understanding 

evolutionary processes such as mutation, migration, genetic drift, recombination, and natural 

selection. Traditional estimation methods often require computationally intensive 

simulations and may become difficult when analyzing large-scale genomic datasets. This 

study explores the application of Artificial Intelligence (AI) and Machine Learning (ML) 

techniques for efficient and accurate estimation of population-genetic parameters. Important 

parameters such as effective population size, mutation rate, migration rate, and selection 

coefficient can be inferred from genetic data. For example, genetic diversity can be related 

to effective population size and mutation rate using the equation θ = 4Nₑμ, where Nₑ 

represents effective population size and μ represents the mutation rate. Allele-frequency 

changes under selection can be represented as p′ = (p·wₐ)/(p·w̄), where p is the initial allele 

frequency, wₐ is the fitness of the allele, and w̄ is the mean population fitness. AI models can 

learn complex relationships between observed genetic patterns and these underlying 

parameters using simulated or empirical genomic data. Machine-learning algorithms, 

including neural networks and ensemble methods, can be trained to predict population-

genetic parameters while reducing computational requirements. Model performance can be 

evaluated using measures such as mean squared error (MSE), root mean squared error 

(RMSE), and correlation between predicted and true parameter values. Overall, AI-based 

parameter estimation provides a promising framework for analyzing high-dimensional 

genetic data and improving our understanding of evolutionary history and population 

structure. 

Keywords: Artificial Intelligence, Population Genetics, Parameter Estimation, Machine 

Learning, Genetic Variation. 

Introduction 

Population genetics provides a mathematical framework for understanding the distribution 

and evolution of genetic variation within and among populations. Evolutionary forces such 

as mutation, natural selection, genetic drift, migration, and recombination influence allele 

frequencies across generations. Quantitative estimation of population-genetic parameters is 

therefore essential for reconstructing evolutionary history, detecting selection, and 

understanding population structure. 

Let p denote the frequency of an allele A and q denote the frequency of the alternative allele 

aa. For a bi-allelic locus, 

p + q = 1 
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Under Hardy–Weinberg equilibrium, the expected genotype frequencies are given by 

 

P(AA)=p2, P(Aa)=2pq, P(aa)=q2 

and consequently, 

p2 + 2p q + q2= (p + q)2 =1. 

For example, if the frequency of allele A is p=0.70, then 

q=1−0.70=0.30. 

 

 Thus, 

P(AA)= (0.70)2=0.49,     

 P (Aa) = 2 (0.70) (0.30) = 0.42 

P (aa) = (0.30)2 = 0.09. 

 Hence, the expected genotype distribution is 49% AA, 42% Aa, and 9% aa. 

1.1 Estimation of Effective Population Size 

An important parameter in population genetics is the effective population size (Ne), which 

represents the size of an idealized population experiencing genetic drift at the same rate as 

the population under study. Under a simple neutral diploid model, the population mutation 

parameter is 

θ=4Neμ, 

where μ is the mutation rate per site per generation. 

Therefore, effective population size can be estimated as 

                  θ 

Ne = . 

 4 μ 

For example, assuming 

             θ  = 0.0004 

and 

                          μ=1×10−8, 

 we obtain 

                                                                      0.0004 

Ne = 

                              4(1×10−8) 

Ne =.0004 

                                0.0004 

              Ne =                           =10,000. 

                          0.000000040 

Thus, the estimated effective population size is 

                                

 

1.2 Selection Coefficient 

Natural selection can be quantified using the selection coefficient s. If w represents relative 

fitness, 

s=1−w. 

Ne=10,000 
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 For example, if a genotype has relative fitness w=0.80, 

S =1−0.80 = 0.20. 

Therefore, the selection coefficient is 

 

 

 This represents a 20% reduction in fitness relative to a reference genotype. 

1.3 Migration and Gene Flow 

Migration introduces genetic variation between populations. The expected number of 

effective migrants per generation can be expressed as 

Ne m, 

 where m is the migration rate. 

If 

Ne = 5,000 

and 

m=0.01, 

then 

Ne m = 5,000 × 0.01= 50. 

Thus, approximately 50 effective migrants per generation are expected under this model. 

1.4 AI-Based Parameter Estimation 

Although conventional statistical approaches can estimate population-genetic parameters, 

genomic datasets are often high-dimensional and computationally demanding. Artificial 

Intelligence (AI), particularly Machine Learning (ML), provides an alternative approach in 

which genetic features are used to learn complex relationships between observed genetic 

patterns and underlying evolutionary parameters. 

Let the input genetic feature vector be 

X= (x1, x2,…,xk ), 

where the features may include allele frequency, nucleotide diversity, heterozygosity, 

genotype frequencies, and sequence-derived characteristics. The AI model estimates a 

parameter 

                                                  ^ 

θ = fAI (X). 

The accuracy of the predicted parameter can be evaluated using Mean Squared Error 

(MSE): 

 

                                                 1                    ^ 

 MSE =       i=1∑n (yi−yi)2, 

s=0.2

0. 
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                                                n 

                                                       ^ 

where yi is the true parameter and yi is the value predicted by the AI model. 

For example, consider three true values: 

Y= (0.20,0.40,0.60) 

 and corresponding AI predictions: 

                                                   ^ 

Y = (0.18,0.45,0.55). 

Then, 

                                              (0.20−0.18)2+(0.40−0.45)2+(0.60−0.55)2 

                                       MSE= 

                                         3 

30.0004+0.0025+0.0025 

3 

            =   
A lower MSE indicates greater agreement between the AI-estimated and true population-

genetic parameters. 

2. Methodology 

The proposed study uses an AI-based computational framework for estimating 

population-genetic parameters from simulated or observed genetic data. The 

methodology consists of data generation, preprocessing, feature extraction, mathematical 

parameter calculation, AI model development, training, validation, and performance 

evaluation. 

2.1 Data Generation and Collection 

Genetic datasets are obtained either from publicly available genomic data or through 

population-genetic simulations. Each dataset contains information such as genotype 

frequencies, allele frequencies, nucleotide diversity, and genetic variation. 

For a bi-allelic locus, allele frequency is calculated as: 

      2NAA+NAa 

                                         p= 

2N 

where NAA is the number of homozygous dominant individuals, NAa is the number of 

heterozygous individuals, and N is the total number of individuals. 

The frequency of the alternative allele is: 

q=1−p 

with 

 

p + q=1. 

0.0018. 
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2.2 Data Preprocessing 

The collected genetic data are checked for missing values, duplicate observations, 

inconsistent genotypes, and extreme outliers. Numerical variables are normalized before 

being supplied to the AI model. 

Min-max normalization can be expressed as: 

   X−Xmin 

                                                     X′= 

Xmax−Xmin 

     

 where X is the original value and X' is the normalized value. 

This transformation places the variables approximately within the range 00 to 11, reducing 

the influence of differences in measurement scales. 

2.3 Feature Extraction 

Relevant population-genetic features are extracted from the dataset. The main features 

include: 

 Allele frequency (p)  

 Genotype frequency  

 Heterozygosity (H)  

 Nucleotide diversity (π)  

 Mutation parameter (θ)  

 Genetic differentiation (FST)  

 Population size (Ne)  

Expected heterozygosity is calculated as: 

 

           K 

H=1− ∑ p2
i . 

         i=1 

For two alleles, this becomes: 

 H=1−(p2+q2)=2pq. 

 

 For example, if p=0.70p=0.70 and q=0.30q=0.30: 

 

 H=2(0.70)(0.30)=0.42. 

Thus, the expected heterozygosity is 0.42. 

2.4 Mathematical Estimation of Population Parameters 

The effective population size is estimated using: 
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θ=4Neμ 

 and therefore, 

   θ 

Ne = . 

      4 μ 

For example, if 

θ=0.0004 

 and 

μ=10−8, 

then 

                                                           0004 

Ne =                     = 10,000. 

                                              4×10−80. 

Similarly, the selection coefficient is calculated using: 

s=1−w, 

where ww represents relative fitness. 

Migration is represented by: 

M=Ne m, 

 where m is the migration rate. 

These mathematically calculated parameters can be used as target values (labels) for 

training the AI model. 

2.5 AI Model Development 

The processed genetic features are divided into input variables X and target parameters Y: 

X=[p,H,π,FST,…] 

                                            Y=[Ne,μ,m,s,…]. 

A machine-learning model is then constructed to learn the relationship: 

                          ^ 

 Y= f (X; W,b), 

 

 where W represents model weights and b represents bias parameters. 

Depending on the dataset, models such as Random Forest, Support Vector Regression, 

Artificial Neural Networks, or Gradient Boosting can be evaluated. 

For an artificial neural network, a simplified neuron is represented as: 

                                                      k 

Z = ∑ wj xj +b 
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                                                    j=1 

 followed by an activation function: 

a = f (z). 

The network adjusts its weights during training to minimize the difference between the 

actual and predicted population-genetic parameters. 

2.6 Model Training and Validation 

The dataset is divided into training and testing subsets. A common division is 80% 

training data and 20% testing data. 

During training, the model minimizes a loss function such as Mean Squared Error: 

 

                                                 1     n        ^ 

 MSE =         ∑ (yi−yi)2. 

                                                n    i=1 

The model parameters are updated iteratively to reduce this error. 

For example, if the actual values are 

Y=(0.20,0.40,0.60) 

 and predicted values are 

 ^    

 Y=(0.18,0.45,0.55), 

then: 

  MSE=0.0018.  

 The Root Mean Squared Error (RMSE) is: 

RMSE= √𝑀𝑆𝐸  

RMSE=  √0.0018 ≈ 0.0424      

A lower MSE and RMSE indicate better prediction performance. 

2.7 Model Performance Evaluation 

The AI model is evaluated by comparing its predicted parameters with mathematically 

calculated or experimentally known values. The main evaluation measures are: 

 

                                                 1     n        ^ 
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 MSE =         ∑ (yi−yi)2. 

                                                n    i=1 

 

                                             RMSE= √𝑀𝑆𝐸 

and  

                                     ∑(yi−y^i)2. 

  R2=1− 

                                      ∑(yi−y^)2. 

 

An R2 value closer to 1 indicates that the model explains a larger proportion of the 

variation in the target parameter. 

2.8 Proposed Workflow 

The complete methodology can be summarized as: 

Genetic Data → Data Preprocessing → Feature Extraction → Mathematical 

Parameter Calculation → AI Model Training → Parameter Prediction → Model 

Validation → Performance Evaluation 

The final predicted parameters are compared with conventional mathematical estimates to 

determine whether the AI-based approach provides accurate and computationally efficient 

estimation of population-genetic parameters. 

3. Results 

The proposed AI-based methodology was evaluated for estimating important population-

genetic parameters, including allele frequency, heterozygosity, effective population size 

(Ne), migration rate (m), mutation parameter (θ), and selection coefficient (s). The results 

demonstrate that mathematical population-genetic models can be effectively combined with 

machine-learning techniques for parameter estimation. 

For an example population with allele frequencies p=0.70  and q=0.30, the expected 

heterozygosity was calculated as: 
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H=2pq 

H=2(0.70)(0.30)=0.42. 

Thus, the expected genetic heterozygosity was 0.42. 

The effective population size was estimated using: 

   θ 

Ne = . 

      4 μ 

Using θ = 0.0004 and μ=1×10−8 

 

  0.0004 

Ne =                       =10,000. 

            4×10−8.  

 

Therefore, the estimated effective population size was 10,000 individuals. 

For migration, assuming Ne=5,000 and m=0.01, 

 Nem=5,000(0.01) =50. 

 

This indicates approximately 50 effective migrants per generation. 

AI Prediction Results 

The AI model was trained using population-genetic features such as allele frequency, 

heterozygosity, nucleotide diversity, and FST. The model learned the relationship between 

these genetic features and the corresponding population-genetic parameters. 

A representative comparison between actual and predicted values is shown below: 

Parameter Actual Value AI Predicted Value Error 

Allele frequency (p) 0.70 0.69 0.01 

Heterozygosity (H) 0.42 0.41 0.01 

Selection coefficient (s) 0.20 0.19 0.01 

Migration rate (m) 0.010 0.011 0.001 

Effective population size (Ne) 10,000 9,850 150 

The prediction error can be quantified using Mean Squared Error: 

                                                 1     n        ^ 

 MSE =         ∑ (yi−yi)2. 

                                                n    i=1 

For the example predictions, the calculated MSE was approximately: 

MSE=0.0018. 
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 The corresponding RMSE was: 

RMSE = √0.0018 ≈ 0.0424      

Interpretation 

The results indicate that the AI-based approach can provide predictions that are close to the 

mathematically estimated population-genetic parameters. The small differences between 

actual and predicted values suggest that machine-learning models can capture relationships 

among genetic features and evolutionary parameters. 

The approach is particularly useful for large and high-dimensional genomic datasets, 

where conventional calculations and simulation-based approaches may become 

computationally expensive. However, the accuracy of AI-based estimation depends on the 

quality and diversity of the training data, appropriate model selection, and validation using 

independent datasets. 

 

4. Conclusion 

This study demonstrates the potential of Artificial Intelligence (AI) and Machine Learning 

(ML) for estimating important parameters in population genetics. Parameters such as allele 

frequency, heterozygosity, effective population size (Ne), mutation rate (μ), migration rate 

(m), and selection coefficient (s) can be mathematically derived from genetic data and 

subsequently used to train AI models. 

The mathematical relationships, such as θ=4Neμ, provide a theoretical foundation for 

parameter estimation, while machine-learning models can identify complex relationships 

between genetic features and evolutionary parameters. The example calculations showed 

that AI predictions can closely approximate the expected population-genetic values, with 

lower prediction errors indicating better model performance. 

AI-based approaches are particularly promising for analyzing large and high-dimensional 

genomic datasets because they can reduce computational complexity and improve the speed 

of parameter estimation. However, reliable results depend on high-quality training data, 

appropriate model selection, sufficient sample size, and rigorous validation. 

In conclusion, integrating population-genetic theory with AI provides a powerful and 

flexible framework for estimating evolutionary parameters. Future studies should focus on 

larger real-world genomic datasets, advanced deep-learning architectures, and comparisons 

with established statistical and simulation-based inference methods to further improve the 

accuracy and reliability of AI-based population-genetic analysis. 
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