
Application of Machine Learning algorithms for experimental data 

processing and estimation of 𝟗𝟔𝐌𝐨 𝐧, 𝒑 𝟗𝟔𝐍𝐛 reaction cross section

❖ Nuclear data pipelining process produces high quality data

before it can be used for various applications.

❖ Machine Learning (ML) Regression Algorithms are used in

estimation of experimental data of 96Mo n, p 96Nb reaction

cross section data at various distinct neutron energies where

actual data is not available.

Introduction

❖ Figure 4 shows results of estimation of 96Mo n, p 96Nb
reaction experimental data using the four ML techniques

Results & 

Discussion

❖ IAEA-EXFOR database library - source of all the available

reaction cross section data, with uncertainties.

EXFOR Data

❖ The extracted raw data of 96Mo n, p 96Nb includes:

➢ Total of 93 experimental data points by 25 different

contributors, ranging from 5.911 MeV upto 20.6 MeV.

➢ These 25 experimenters gave their contributions from

the year 1962 to 2020.

❖ Large portion of the data concentrated in the region of 13 to

16 MeV.

❖ Two different sets of data points by two different

experimenters (in the year 1990 and 2005), which are

distinctly far apart, present in the region from 16 to 21 MeV.

❖ Outlier removal becomes a crucial step in Data Preparation -

it clearly affects the final output of the Regression curves, as

shown in Figure 4.

❖ It is evident that dataset-2 gives a better result (Figure 4.b)

for all four regression algorithms, in comparison to dataset-1

(Figure 4.a)

❖ The estimated data of the dataset-2 can be used further for

evaluation of cross section data of 96Mo n, p 96Nb reaction.

Conclusion

Figure 2: The EXFOR data plot of the 96𝑀𝑜 𝑛, 𝑝 96𝑁𝑏 cross section 

data.

❖ Appropriate selection of EXFOR data prior to evaluation is

CRUCIAL.

❖ The ML pre-processing and regression techniques help in

retrieving relevant EXFOR data.

❖ In this study, following two steps are employed:

a. Renormalization

➢ The cross section (𝝈) value depends on values of the

attributes (A), such as half-life, monitor cross section and

many more.

➢ Re-normalization is done to update the cross section values

with the current values of these attributes, using the formula

𝜎𝑟𝑒𝑛𝑜𝑟𝑚 = 𝜎𝑜𝑙𝑑 ∗
𝐴𝑛𝑒𝑤
𝐴𝑜𝑙𝑑

b. Data Cleaning

1) Outlier removal

➢ Few points identified as outliers based on critical study of

EXFOR papers and analysis of the dataset.

➢ Figure 3 shows a comparative study between the dataset

with outliers (dataset-1) and with outliers removed

(dataset-2) using Box plot.

2) Weighted Averaging

➢ Multiple experimental cross section (𝝈) values found at

same incident energy.

➢ Weighted-average (𝝈𝒘.𝒂𝒗𝒈) technique solves this problem,

taking into account their respective uncertainties.

𝜎𝑤.𝑎𝑣𝑔 =
σ𝑖=1
𝑛 𝑤𝑖𝜎𝑖

𝑛
,  where

𝑤𝑖 =
1

𝜎𝑦
2, = weight of the 𝑖𝑡ℎ 𝑣𝑎𝑙𝑢𝑒,

𝜎𝑦 = uncertainty in the 𝑖𝑡ℎ value.

Data Preparation

Figure 3: Pre-processed data plot of the with outliers (dataset-1) and 

with outliers removed (dataset-2).

Pre-processing

(a)

Figure 4: Comparison between the regressed plot of OLS, LASSO, 

Ridge and SVR on the (a) dataset-1 &, (b) dataset-2.

(b)

❖ It is observed that the regression curves for dataset-1 and

dataset-2 are different:

➢ Dataset-1: Estimated cross section ranges (35-40 mb),

in the energy range (18–19 MeV).

➢ Dataset-2: Estimated cross section ranges (26-30 mb),

in the energy range (16–18 MeV)

❖ The following Machine Learning (ML) Regression algorithms

are applied on the two pre-processed EXFOR datasets for

estimation of reaction cross section over the entire neutron

energy range:

a. Ordinary Least Squares (OLS)

➢ The governing equation for OLS with multiple predictors is

𝑦𝑖 = σ𝑖=0
𝑛 𝑥𝑖𝛽𝑖 + 𝜀, where

𝑥𝑖 - n linearly mapped predictor variables.

➢ The coefficients of the best fit line is obtained by minimizing

the square of residuals (Loss Function)

𝜷𝒐𝒍𝒔 = 𝒂𝒓𝒈𝒎𝒊𝒏||𝒀 − 𝑿𝜷||𝟐

➢ The line of best fit for dataset-1 is degree 4, and dataset-2 is

degree 5.

➢ Sensitive to outliers, poor predictions (correlated variables).

b. LASSO Regression

➢ LASSO – Least Absolute Shrinkage and Selection Operator.

➢ Penalty term (L1 norm - Sum of absolute coefficients)

𝜷 = 𝒂𝒓𝒈𝒎𝒊𝒏{
𝟏

𝟐𝒏
𝒀 − 𝑿𝜷

𝟐
+ 𝝀 𝜷 }, where

𝝀 – penalty or tuning parameter.

➢ Best fit degree – 6 (dataset-1), degree – 3 (dataset-2).

➢ Improved version of linear regression, with regularization and

parameter selection, and much better prediction accuracy.

c. Ridge Regression

➢ Loss function is adjusted such that the sum of squared

residuals is minimized.

➢ Penalty term or the L2 norm, shrinks the parameters to zero

𝜷 = 𝒂𝒓𝒈𝒎𝒊𝒏{
𝟏

𝟐𝒏
𝒀 − 𝑿𝜷

𝟐
+ 𝝀𝜷𝟐 }, where

𝝀 – penalty or tuning parameter.

➢ Best fit degree – 8 (dataset-1), degree – 5 (dataset-2).

➢ No parameter selection and coefficients are not removed as

in LASSO.

d. Support Vector Regressor (SVR)

➢ The SVR provides the flexibility to decide how much error can

be acceptable by the model, and finds the best fit line using

𝒎𝒊𝒏{
1

2
𝑤

2
+ 𝐶 σ𝑖=1

𝑛 𝜉𝑖 }, where

ξ - deviation from the margin,

C - tolerance margin.

➢ Objective of SVR is to minimize the coefficients.

Machine Learning
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Figure 1: Nuclear Data Pipelining process


