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NASA STI Program ... in Profile 
 
 

Since its founding, NASA has been dedicated  
to the advancement of aeronautics and space 
science. The NASA scientific and technical 
information (STI) program plays a key part in 
helping NASA maintain this important role. 

 
The NASA STI program operates under the 
auspices of the Agency Chief Information Officer. 
It collects, organizes, provides for archiving, and 
disseminates NASA’s STI. The NASA STI 
program provides access to the NTRS Registered 
and its public interface, the NASA Technical 
Reports Server, thus providing one of the largest 
collections of aeronautical and space science STI 
in the world. Results are published in both non-
NASA channels and by NASA in the NASA STI 
Report Series, which includes the following report 
types: 

 
• TECHNICAL PUBLICATION. Reports of 

completed research or a major significant 
phase of research that present the results of 
NASA Programs and include extensive data 
or theoretical analysis. Includes compila- 
tions of significant scientific and technical 
data and information deemed to be of 
continuing reference value. NASA counter-
part of peer-reviewed formal professional 
papers but has less stringent limitations on 
manuscript length and extent of graphic 
presentations. 
 

• TECHNICAL MEMORANDUM.  
Scientific and technical findings that are 
preliminary or of specialized interest,  
e.g., quick release reports, working  
papers, and bibliographies that contain 
minimal annotation. Does not contain 
extensive analysis. 
 

• CONTRACTOR REPORT. Scientific and 
technical findings by NASA-sponsored 
contractors and grantees. 

• CONFERENCE PUBLICATION.  
Collected papers from scientific and 
technical conferences, symposia, seminars, 
or other meetings sponsored or  
co-sponsored by NASA. 
 

• SPECIAL PUBLICATION. Scientific, 
technical, or historical information from 
NASA programs, projects, and missions, 
often concerned with subjects having 
substantial public interest. 
 

• TECHNICAL TRANSLATION.  
English-language translations of foreign 
scientific and technical material pertinent to  
NASA’s mission. 
 

Specialized services also include organizing  
and publishing research results, distributing 
specialized research announcements and 
feeds, providing information desk and personal 
search support, and enabling data exchange 
services. 

 
For more information about the NASA STI 
program, see the following: 

 
• Access the NASA STI program home page 

at http://www.sti.nasa.gov 
 

• E-mail your question to help@sti.nasa.gov 
 

• Phone the NASA STI Information Desk at   
757-864-9658 
 

• Write to: 
NASA STI Information Desk 
Mail Stop 148 
NASA Langley Research Center 
Hampton, VA 23681-2199 
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Abstract 
 
Machine Learning (ML) is a subfield of 

Artificial Intelligence that gives computers 
the ability to learn from past data without 
being explicitly programmed. The predictive 
capabilities of ML models have already been 
used to facilitate several scientific 
breakthroughs. However, the practical 
application of ML is often limited due to the 
gaps in technical knowledge of its users. The 
common issue faced by many scientific  
researchers is the inability to choose the 
appropriate ML pipelines that are needed to 
treat real-world data, which is often sparse 
and noisy. To solve this problem, we have 
developed an automated Machine Learning 
tool (MLtool) that includes a set of ML 
algorithms and approaches to aid scientific 
researchers. The current version of MLtool is 
implemented as an object-oriented Python 
code that is easily extensible. It includes 44 
different regression algorithms used to 
model data. MLtool helps users select the 
best model for their data, based on the 
scoring metrics used. Besides regression 
algorithms, MLtool also includes a suite of 
pre-  and  post-processing techniques such 
as missing value imputation, categorical 
variable encoding, input feature 
normalization, uncertainty quantification, 
exploratory data analysis (EDA), etc. MLtool 
was tested on several publicly available 
multi-dimensional data sets and was found 
capable of making accurate predictions. 

 
1. Introduction 

 
Implementation of predictive 

computational tools that provide insights and 
guidance for experiments has been pivotal 
for accelerating scientific research. Machine 
learning (ML), coupled with data processing, 
has become a widely used research 
technique due to its low computational cost 
and short development cycle [1,2]. ML joins 
traditional computational physics tools such 
as density functional theory [3, 4], electronic-
structure methods [5], continuum [6], 
atomistic (e.g., using classical potentials [7]), 
and thermodynamic modeling (e.g., based 
on cluster expansion [8] or CALPHAD [9, 10]) 

in accelerating research through predictive 
modeling and simulation. There has been a 
rapid increase in the amount of data 
generated over the last few years. The total 
data created, captured, copied, and 
consumed globally was estimated to be 64.2 
zettabytes in 2020 [10]. Access to such large 
amounts of data coupled with the availability 
of high-performance computing resources 
has led to a further increase in popularity of 
ML for scientific research. To harness the full 
potential of ML, however, there is a need for 
an increasing number of knowledgeable and 
experienced data scientists [11]. It has been 
acknowledged that a balance between the 
number of data scientists and the required 
effort to manually analyze the growing 
amounts of available data is impossible [12].  

Building a complete machine learning 
pipeline is an iterative, complex, and time-
consuming process. ML pipelines consist of 
three main steps: (1) data preparation and 
preprocessing, (2) model training and 
selection, and (3) predictions on new data 
using the trained model. The performance of 
any ML model depends on the successful 
execution of all three steps. Knowledge and 
expertise in data science and programming 
are extremely important for achieving the 
optimal outcomes at each step; absence of 
knowledgeable data scientists can limit the 
practical applications of ML and lead to the 
generation of inaccurate results. A data 
scientist needs to choose between a wide 
range of possible estimators and ML 
algorithms, using appropriate performance 
metrics, to select the best technique for their 
data. Different ML algorithms lead to different 
predictions, even when the models are 
trained on the same dataset [13]. Automating 
the decision-making process is beneficial for 
experts due to a reduction of their labor and 
time; it can become a game changer for non-
experts by enabling them to compete with 
experts in the quality of their work. Hence, 
there has been a growing interest in 
implementing automated ML pipelines 
[14,15]. 

Here we present a fully automated ML 
pipeline (MLtool), targeting both experts and 
non-expert practitioners of ML. MLtool is a 
supervised machine learning framework that 
can be employed to solve practical data 



 

 

science problems without the need for expert 
coding or data science knowledge. A user 
can upload input data using one of the 
standard formats and have MLtool perform 
all required preprocessing steps, generate a 
list of the models (ranked according to user-
selected scoring metrics), and point at the 
best model for the input dataset. Further, 
MLtool also calculates uncertainties to 
accompany model predictions. The software 
provides users with the flexibility to select 
model parameters, data splitting methods, 
cross-validation techniques, etc. This 
flexibility allows a user to simply change the 
tool’s parameters in-lieu-of complex coding. 

To demonstrate the capabilities of 
MLtool, we apply it to several publicly 
available datasets with dimensionality 
ranging from 4 to 32 variables and the 
number of observations ranging from 167 to 
400. First, MLtool performs the 
preprocessing steps and trains a set of 

models. Next, the models are ranked 
according to their adjusted predictive errors 
(the best model provides the most accurate 
predictions with the lowest error, while due to 
a restricted number of adjustable parameters 
reproduction of noise is suppressed). The 
predictions from the best and competing 
models are compared and reported. It is 
shown that MLtool is a flexible and practical 
framework that can be used by non-expert 
ML practitioners, enabling them to apply the 
standard machine learning pipeline to data 
and obtain the desired ML analysis. 
 

2. Implementation 
 
MLtool was developed using Python 3.9. 

Its dependencies are listed in the 
requirements.txt file, principally including 
numpy, pandas, and scikit-learn [16, 17, 18]. 
The MLtool pipeline is illustrated in Figure 1. 

Figure 1. The complete pipeline of MLtool comprising the three stages: preprocessing, model 
implementation, and prediction. 



 

We see that MLtool follows the same three 
steps discussed above. 

After reading the input data file, MLtool 
first performs exploratory data analysis 
(EDA) using the Pandas Profiling package in 
Python [19]. EDA returns the numerical and 
graphical summary of the input data; initial 
data investigations permit users to discover 
patterns, spot anomalies, test hypotheses, 
and examine assumptions. The generated 
summary includes the number of missing 
values, categorical variables, correlations, 
etc. The subsequent preprocessing step 
includes variable standardization, missing 
value imputation, and handling categorical 
variables.  

The second step, i.e. model 
implementation, comprises of training many 
models and ranking them based on the 
scoring metrics chosen by the user. The user 
can select these from a list of available 
metrics including the coefficient of 
determination (R2), root means squared error 
(RMSE), various estimates of the predictive 
error, etc. Hybrid models are created by 
recursively predicting the residuals of a user-
defined number of highest ranked models 
using a different model; such hybrid methods 
are described in detail in the dedicated 
section below. All models and scoring metric 
results are saved in an output folder.  

Finally, during the prediction step, model 
predictions are calculated and saved in the 
output folder. In addition, prediction intervals 
are computed for the model predictions using 
either residuals on the entire training set 
(naive method) or from an ensemble of 
models obtained using the jackknife method 
[20].  

MLtool’s parameters can be changed 
using a configuration file (in a human friendly 
YAML format). While each parameter has a 
default value, as described in Table 1, the 
configuration file allows users to change 
values of some or all these parameters.  

 
2.1. Preprocessing 

 
2.1.1. Feature Standardization 

Scientific experiments can generate 
datasets that contain values measured in 
different units. Variables on varying scales 

do not contribute equally to the analysis and 
can cause bias in the trained models. For 
example, a variable with values of larger 
magnitude will result in a set of model 
weights different to that of a variable with 
smaller magnitude values. During feature 
standardization, data is transformed to 
similar and comparable scales to circumvent 
the issue of bias. In MLtool, standardization 
of each numerical column is achieved by 
subtracting the mean and dividing by the 
standard deviation (after a check that it is not 
zero), imposing on the data a mean of zero 
and a standard deviation of one. 

 
2.1.2 Missing Value Imputation 

Missing or sparse data is a challenging 
problem in ML because many algorithms do 
not support missing values, and this can lead 
to inaccuracies in prediction. Missing values 
in data can be handled in two ways; one is 
the exclusion of observations with missing 
values from the dataset, whereas the 
alternative is to impute the missing data 
using various techniques. If a significant 
amount of data is missing, then excluding all 
of them and continuing analysis with only the 
complete cases can cause bias and 
inefficiency due to discarding useful 
information. MLtool handles the missing 
value problem by imputing missing data 
instead. A method of imputation, suitable for 
a particular dataset, can be chosen by the 
user from the following implemented 
algorithms.  

 
Mean/median - The missing values are 
replaced with the mean/median of the 
remaining data in each column. 
 
Most_frequent - The missing values are 
replaced with the most frequent value in 
each column.  
 
KNN - The k-nearest neighbor algorithm 
imputes the missing values by using the non-
missing values of the k closest neighbors to 
approximate the missing data point. Each 
missing value is imputed based on the values 
of the neighbors and their distance [23]. The 
k-nearest neighbors (KNN) imputation can 
be used for continuous, discrete, ordinal, and 
categorical data, making it a versatile 



 

 

technique for handling all kinds of missing 
data. 
 
MissForest - This ML-based imputation 
technique uses the random forest algorithm 
to impute missing values [24]. First, data 
containing missing values are grouped into a 
“prediction” set, while the remaining rows 
form the “training” set. Initially, all missing 
values are imputed using the median/mode 
method. Next, the “training” set is used for 
training a random forest model and the 
“prediction” set is used for testing. This 
process is repeated several times, and each 
iteration improves predictions until either the 
stopping criteria are met, or the chosen 
maximal number of iterations (default 5) has 
elapsed [24]. 
 
2.1.3. Encoding Categorical Variables 

A dataset can contain continuous 
(numerical) and/or categorical (discrete) 
variables. MLtool identifies and encodes the 
categorical variables by using two 
cardinality-based encoding methods. 
Encoding converts categorical values into 
numerical representations. If the cardinality 
is smaller than a user-selected value (default 
is 10), then the categorical variables will be 
encoded using one-hot encoding. One-hot 
encoding transforms a single categorical 
variable with n discrete values to n columns 
with binary values (0 or 1). Each of the n 
columns indicate the presence (1) or 
absence (0) of the corresponding discrete 
value [21]. The disadvantage of one-hot 
encoding is that it increases the 
dimensionality of the problem. If the 
cardinality is higher than the user-selected 
value, then ordinal encoding is used. In 
ordinal encoding, the number of existing 
categories is identified, and an integer is 
assigned to each category. This does not 
expand the number of columns in the original 
dataset. The disadvantage of ordinal 
encoding is that it imposes a non-existing 
order or magnitude to a variable [22]. 

 
2.2. Model Selection 

 
2.2.1. Model Training  

After the preprocessing step, MLtool 
trains each model on the training data and 
ranks their efficacy. Ranking the models 
requires three steps: 1) Splitting the data into 
train/validation splits (using a sampling 
method such as cross-validation), 2) training 
the model on the training split(s), and 3) 
scoring the models using a scoring metric 
(such as RMSE or R2). 

 
Data Splitting - ML models trained with too 
many parameters will fit the training data 
perfectly but will fail to generalize and thus 
perform poorly on new data. This problem is 
commonly referred to as overfitting or high 
variance. When a model suffers from 
overfitting, it does not reflect the true 
relationship between the target and 
predictive variables and may instead model 
the inherent noise in the dataset. Thus, 
simpler models with a smaller number of 
parameters, Np, are preferred as they are 
comparatively less affected by noise. 
However, models with too few parameters 
may not have the ability to capture the true 
relationship between the variables either 
(called underfitting or low variance). To 
overcome this challenge and to find the 
optimal balance between over- and 
underfitting, different methods can be used 
to generate training and testing/validation 
sets from the given data. The model is 
trained using the training set and then 
validated on the corresponding validation 
set. MLtool includes the following methods 
for splitting the data.  

 
i. Standard - This method randomly splits the 
input data into training and testing partitions. 
A user can specify the size of the test set as 
a fraction of the total data set (a real number 
between 0.0 and 1.0); the default value is set 
to 0.2 i.e. the model is trained on 80% of 
available data and the scoring metrics are 
evaluated on the remaining 20%, which is 
the test set. 
 
ii. Cross-Validation - Cross-validation is a 
statistical method of data resampling and 
partitioning to achieve model generalization 
while avoiding high variance or overfitting 
[28]. MLtool offers two different types of 
cross-validation.  



 

• k-fold: In k-fold cross-validation, data is 
randomly split into k subsets, or folds, of 
equal size. Each time, one fold is treated 
as validation data, while the model is 
trained on all remaining folds. The 
procedure is repeated k times until every 
fold has served as the validation set once; 
the final k-fold score is computed as an 
average across the k folds [29]. 

• Leave-p-out: Here, p is the user-selected 
number of data points (observations) to be 
held as the validation set. Each time, a set 
of p data points are treated as validation 
set, while the model is trained on all 
remaining data of size (n-p), where n is the 
total number of data points. The procedure 
is repeated till every point is included in the 
validation set once; the final leave-p-out 
score (CV-p) is computed as an average 
across over all such validation sets. 
Leave-one-out cross-validation (CV-1) is a 
special case of p=1. In CV-1, each 
individual observation is used once as the 
validation set; the remaining (n-1) data 
points are used for training. The fitting 
procedure is repeated n times; the final CV-
1 score is an average of n predictive errors. 
Although the CV-1 score provides an 
unbiased estimate of the true prediction 
error, it suffers from high variance; this 
problem arises from similarity of the 
training sets. The computational cost of 
CV-1 is also high and grows rapidly with n 
[30].  

 
iii. User-selected - Users can also define the 
training and test data sets by specifying the 
file paths in the configuration file. The models 
are trained on the training data and the 
scoring metrics are calculated using the test 
dataset as defined by the user. 
 
2.2.2. Model Selection and Scoring 
Metrics 

MLtool includes several scoring metrics 
to evaluate the efficacy of the models to 
select the best model for step 3. These are: 
R2, adjusted R2, root mean squared error 
(RMSE), mean absolute error (MAE), mean 
absolute percentage error (MAPE). A brief 
description of each is provided below.  
 

Coefficient of determination (R2) - In 
regression problems, R² is the most common 
metric to assess the efficacy of the trained 
model. It indicates the amount of variance in 
the target variable that is explained by the 
predictive variables. Typical R2 values range 
from 0 to 1; a higher R² value indicates a 
better fit. A value of 1 indicates a perfect 
model; a value of 0 occurs when the model 
always predicts the mean value of the target. 
Negative values, although rarely observed, 
are possible for models that perform worse 
than a model that always predicts the mean 
value.   

 
Adjusted-R2 - The R² is a biased scoring 
metric because it does not account for the 
number of parameters in the model. Its value 
continuously increases as new variables are 
introduced into the model. Therefore, an 
adjusted R2 metric has been included to 
reduce bias by also considering the number 
of parameters in the model [25]. For relatively 
high values of R2, however, adjusted R2 can 
also lead to inaccurate interpretations of 
model efficacy. 

  
RMSE and MAE - The RMSE and MAE are 
used as other standard statistical measures 
of model performance. While the MAE gives 
the same weight to all errors, the RMSE 
penalizes variance as it gives errors with 
larger absolute values more weight than 
errors with smaller absolute values [26].  

 
MAPE - MAPE is appropriate when the data 
is more sensitive to relative variations than to 
absolute variation. An example would be 
predicting stock prices in financial 
applications, where sensitivity to relative 
variations is more important [27]. However, 
MAPE can be problematic when predicting 
values close to zero, because an absolute 
error divided by a value close to zero 
produces a very large relative error. 

 
Model parameter penalty - MLtool also 
includes additional scoring metrics that 
account for the number of model parameters 
and penalize the standard error (RMSE, 
MAE, MAPE) based on this number. Such 
penalized error metrics makes it possible to 
compare the complexities of the models and 



 

 

their efficacies. Penalized errors are 
calculated in MLtool using Eq. 1. 

 
 Error penalized = error + α * Np  (1) 
	
Here Np is the number of model parameters 
and α is the non-negative penalty coefficient; 
the default value is set to 0.01, but it can be 
changed by the user. Overfitting is less likely 
for smaller Np. As the complexity of models 
increases with Np, among models with 
comparable errors, a simpler one is preferred 
by MLtool.  
 
2.2.3. Hybrid Models 

In hybrid models, multiple estimators are 
combined and trained sequentially on the 
training data and then on the residuals of the 
preceding models. The maximum number of 
estimators to be applied can be restricted by 
the user. The first step uses the original input 
and target variables to train the list of models. 
The best model is selected based on the 
user-specified scoring metrics. Next, the 
residuals are calculated using predictions 
from the selected model. The second model 
is fit using the same input variables, with the 
residuals as the target variable. These steps 
are repeated until either the residuals 
become very small (below the chosen cutoff) 
or the number of sequential estimators 
exceeds the maximum (chosen by the user).  

 
2.3. Prediction 

 
2.3.1. Data Prediction 

The best model identified in step 2 is 
used to make predictions for test data or the 
entire dataset based on user-defined 
methods mentioned in section 2.2.1. The 
predictions are saved with the results from 
uncertainty quantification as a CSV file that 
contains four columns (prediction, 
lower_bound, upper_bound and range) in 
the output folder. 

 
2.3.2. Uncertainty Quantification 

Each prediction from a ML model is a 
single point that may have errors caused by 
noise or outliers in the input data or errors in 
the model. Prediction intervals quantify the 
uncertainty in a single-point model prediction 

by calculating the probabilistic upper and 
lower bounds that surround the prediction 
[31]. MLtool includes uncertainty prediction 
intervals based on various resampling 
methods briefly described below. These 
allow users to approximate robust prediction 
intervals for MLtool’s single-output 
predictions. All such methods were 
implemented using the MAPIE [32] python 
package, based on techniques introduced by 
Barber et al. [20]. 

 
Naïve method - For the naïve method, 
prediction intervals are estimated by first 
calculating the residuals of the training data 
and then approximating the typical error for a 
new data point. Thus, the prediction interval 
is equal to the point prediction from the ML 
model ± the quantiles of the residuals of the 
training dataset. 
 
Jackknife method - In the jackknife method, 
starting from a training dataset of size n, the 
first sample i=1 is left out and the regression 
function is fit to the remaining training set of 
size n-1. Repeating this for each sample 
point, I, in the training set generates n leave-
one-out models. The corresponding leave-
one-out residual is then calculated for each 
instance of the training set. Finally, the 
regression function is fit to the entire training 
set and the leave-one-out residuals are used 
to calculate the prediction interval. 
 
Jackknife+ method - This calculation is 
based on the jackknife strategy recently 
introduced by Barber et al. [20]. Contrary to 
the standard jackknife method, this method 
considers the variability of the regression 
function by utilizing each leave-one-out 
prediction on a new test point. 

 
Jackknife minmax - The Jackknife minmax 
method follows the same basic procedure as 
the standard Jackknife, except that it uses 
the minimal and maximal values of the leave-
one-out predictions to compute the 
prediction intervals. 
  



 

2.4 User-defined Parameters 
 
The user can configure MLtool’s 

parameters by editing the parameter.yml file. 
YAML is a digestible data serialization 

language employed to create configuration 
files, compatible with most programming 
languages. Possible values, default values, 
and brief descriptions for each parameter in 
parameter.yml file are provided in Table 1.

 
Table 1. Parameters of the user input file (YAML). 
 

Parameter Possible Values Description Default Value 
datafile File path The file path to the 

dataset. 
data.csv 

excluded_estimators List The set of estimators 
that are to be excluded 
from the list of 
competitive estimators 
for this task. 

TheilSenRegressor, ARDRegression, 
CCA, IsotonicRegression, 
StackingRegressor,                  
MultiOutputRegressor, 
MultiTaskElasticNet, 
MultiTaskElasticNetCV, 
MultiTaskLasso,             
MultiTaskLassoCV, PLSCanonical, 
PLSRegression, 
RadiusNeighborsRegressor, 
RegressorChain,     VotingRegressor, 
QuantileRegressor 

data_summary true / false If true, the EDA utility 
generates an output 
HTML file that is a 
summary of the input 
data. Includes quantile 
statistics, descriptive 
statistics, histograms, 
correlations, missing 
values, etc. 

true 

numerical_imputer Mean / median / 
Most_frequent / 
KNN / 
MissForest 

Imputation method for 
numerical variables. 
The user may only 
choose a single 
possible value. 

MissForest 

categorical_imputer most_frequent / 
KNN / 
MissForest 

Imputation method for 
categorical variables. 
The user may only 
choose a single 
possible value. 

most_frequent 

ranking_metric Adjusted R-
Squared / R-
Squared / 
RMSE / MAE/ 
MAPE 

The scoring metric to 
rank the models. The 
user may only choose 
a single possible 
value. 

RMSE 

scoring Adjusted R-
Squared / R-
Squared / 
RMSE / MAE/ 
MAPE 

The total list of scoring 
metrics that are to be 
generated and saved. 
The user may choose 
multiple possible 
values. 

Adjusted R-Squared / R-Squared / 
RMSE / MAE/ MAPE 

penalized true / false If true,  penalized 
scoring values will be 
generated. 

true 

penalized_parameter float value The value of the α in 
equation 1. 

0.001 

num_best_models integer Number of best 
models to be printed 
and saved. 

2 



 

 

num_hybrid_model integer Number of hybrid 
models to be 
generated and stacked 
together based on 
residuals from 
previous models. 

1 

sample_weight true / false If true, the last column 
will be considered as 
the weight for each 
row. 

False 

uncertainty_calculation 
 active 

true / false If true, the 
uncertainties of each 
prediction will be 
calculated. 

true 

uncertainty_calculation 
 prediction_intervals 

range from 0 to 
1 

The value of the 
prediction interval for 
the predictions, e.g. 1 
sigma or 68%. 

0.68 

validation 
  user_defined 
    active 

true / false If true, the models will 
be trained on the user-
selected training set, 
and the scoring 
metrics will be 
calculated on the test 
set given by the user. 

false 

validation 
  user_selected 
    train 
    test 

file paths The file path to the 
train set and the test 
set.  

data/train.csv 
data/test.csv 

validation 
  standard 
    active 

true / false If true, the entire data 
set will be split into 
random train and test 
subsets.  

true 

validation 
  standard 
    split 

range from 0 to 
1 

The proportion of the 
dataset to include in 
the test split. The 
default value is 0.2. 

0.2 

validation 
  kfold 
    active 

true / false If true, the scoring 
metrics will be 
calculated using K-fold 
cross-validation. 

true 

validation 
  kfold 
    k 

integer The number of folds 4 

validation 
  leave_p_out 
    active 

true / false If true, the scoring 
metrics will be 
calculated using the 
leave_p_out cross-
validation method. 

false 

validation 
  leave_p_out 
    p 

integer Number of samples to 
use for the test set 

500 

models 
  model name 
    model parameter 

  Users can select the 
hyperparameters for 
each regression 
model. For instance, a 
user may choose the 
alpha value for the 
ridge regression as 
follows.  
models: 
 Ridge: 
  alpha: 0.1 

Ridge: 
    alpha: 0.1 
  Lasso: 
    alpha: 0.1 
  Polynomial_2: 
    degree: 2 
  Polynomial_3: 
    degree: 3 
  Polynomial_4: 
    degree: 4 



 

 
2.5 Example Datasets 

 
MLtool was evaluated on two case 

studies with publicly available datasets. 
 
2.5.1. Case study 1 

The dataset obtained from [33] contains 
ferroelectric Curie temperatures (the target 
values) and variable concentrations of Pt and 
Bi (defining composition), tolerance factor, 
and ionic displacement for ferroelectric 
perovskites. The dataset (table) consists of 5 
variables (columns) and 167 observations 
(rows). 
 
2.5.2. Case study 2 

The dataset is obtained from Materials 
algorithms project program library [34] which 
stores collected data from the literature [35]. 
This dataset contains ultimate tensile 
strengths of austenitic stainless steels, which 
are the target values, and test temperatures, 
chemical compositions, and heat treatment 
temperatures, which are the variables. The 
dataset contains 31 variables, and 380 
observations. The variables are categorized 
and listed in the Table 2. 
 
 
 
 
 

 
3. Results and Discussion 

 
3.1. Case study 1 

 
The EDA component generates a html file 
containing a description of the data. There 
are several important plots in the html file. 
The considered data is multidimensional, 
while the selected cross-sections show 
individual correlations between the variables 
and the target. As illustrated in Figure 2, even 
though the Bi composition and the tolerance 
factor have a conical trend and the ionic 
displacement shows proportional correlation 
to the ferroelectric Curie temperature, the 
individual correlations are not strong enough 
to predict the target variable. The EDA 
component helps the user to understand the 
data and observe the correlations among 
variables. The models were ranked by the 
adjusted R2 value, and the Polynomial 
regression model with degree 2 was found to 
perform best. It resulted in an R2 value of 
0.84 for case study 1. The top three models 
and their values for the other scoring metrics 
are indicated in Table 3. In Fig. 3, The 
predictive power of the best model chosen by 
MLtool (Polynomial regression model with 
degree 2) was also  
compared against two other well-known 
standard machine learning models. The k-
nearest neighbor regressor was observed to 

Table 2. The variables describing austenitic stainless steels are categorized into chemical 
composition, heat treatment, processing, structure, and the target value of tensile strength. 

Chemical composition Heat treatment  Processing Structure Target  

Chromium 
Nickel 
Molybdenum 
Manganese 
Silicon  
Niobium 
Titanium 
Zirconium 
Tantalum 
Vanadium 
Tungsten 

Copper 
Nitrogen 
Carbon 
Boron 
Phosphorus 
Sulphur 
Cobalt 
Aluminum  
Tin 
Lead 
 

Solution temperature 
Solution time 
Water quenched 
Air quenched  

Type of melting 
Size of ingot 
Product form 

Num of grains Tensile Strength 

 Table 3. The scoring metrics for the for the top three models chosen by MLTool 

Model Adjusted 
R2  

R2  RMSE penalized-RMSE MAE MAPE penalized-MAPE 

Poly. Regression (deg =2) 0.81 0.84 34.27 34.29 34.28 0.029 0.04 
Poly. Regression (deg =3) 0.79 0.82 36.91 36.95 36.09 0.032 0.06 
ExtraTrees Regressor 0.71 0.76 43.16 43.26 43.16 0.036 0.13 



 

 

result in an R2 value of 0.81 and the ridge 
regression model resulted in an R2 of 0.79. 
Figure 3 depicts the plots of actual values 
against predictive values.  

 
  As is evident in Figure 3, the models 

perform equally well in the region where the 
density of datapoints is relatively high. The 
deciding factor for the difference in efficacies 
of the two models is one model’s superior 
ability to capture the low-density data. Figure 
4 indicates the plot of observed and 
predicted values with calculated prediction 
intervals. We see that the close relationship 
between observed values (actual values) 
and the predicted values are in the range of 
calculated prediction intervals for the 
predictions.   

 
  

Figure 4. The observed (orange dashed line) and 
predicted values with calculated uncertainties 
versus index (ordered by the observed values). 

Figure 3. The actual and predicted values from (a) polynomial regression (b) k-nearest neighbor 
regressor and (c) Ridge regression. 

Figure 2. Correlation of (a) Bi composition (b) tolerance factor (c) iconic displacement to the target 
variable of ferroelectric Curie temperature. 



 

 
3.2. Case study 2 

 
This dataset was subjected to a similar 

pipeline and the summary of data description 
was generated. While the dataset contains 
31 total variables, only three including 
composition of chromium, solution treatment 
time, and operating temperature (one from 
each category shown in Table 2) are 
illustrated. 

As observed in Figures 5a and 5b, 
neither Cr composition nor solution 
temperature has a strong correlation with 
tensile strength. Fig. 5c shows a monotonic 
decrease in tensile strength (target) with 
temperature. The subsequent step, model 

implementation, was performed on the 
dataset and the gradient boosting regressor 
was ranked as the best model for the 
dataset. The corresponding scoring metrics 
of top three repressors chosen by MLTool 
are shown in Table 4. As seen from the plots 
in Figure 6, the gradient boosting regression 
model has the best predictive power. We 
also see that predictions from the adaptive 
boosting regression model and the lasso 
regression model are clustered, as 
compared to the gradient boosting model. 
These clusters can be caused by the 
correlation between tensile strength and 
temperature (see Figure 5c). The actual and 
predicted values with the calculated 

 Table 4. The scoring metrics for top three regressor 

Model Adjusted R2  R2  RMSE penalized-RMSE MAE MAPE penalized-MAPE 

XGBRegressor 0.97 0.98 11.46 11.56 11.47 0.019 0.11 
GradientBoosting Regressor 0.96 0.97 11.95 12.05 11.91 0.024 0.12 
ExtraTrees Regressor 0.96 0.96 13.22 15.22 15.16 0.029 0.13 

Figure 6. The actual and predicted values from (a) gradient boost regressor, (b) adaptive boost 
regressor, and (c) lasso regressor. 

Figure 5. The correlation of (a) Cr composition wt (%) (b) solution treatment time (c) operating 
temperature to the target value of tensile strength. 



 

 

uncertainty intervals are shown in Fig. 7. 
There is a good agreement between 
reference and predicted values; additionally, 
all target values lie within the uncertainty 
range of the predictions. 
 

4. Conclusions 
 
MLtool is a useful software with built-in 

artificial intelligence for solving data science 
problems. The methods implemented in 
MLtool were used to study correlations 
among properties of structural [36] and 
magnetic [37] phase transitions, to quantify 
dependence of electronic structure on 
composition in half-metals [38], to predict 
dependence of caloric effect on composition 
and structure and design better materials 
[39] for caloric cooling and heat pumping 
[40], and to predict dependence of creep on 

composition and design stronger superalloys 
[41] for aerospace applications.  

MLtool can be used not only by 
experienced data scientists, but also by 
users without coding expertise or data 
science knowledge. MLtool performs all 
required preprocessing steps, trains many 
models, ranks them based on user-defined 
scoring metrics, computes uncertainties for 
predictions, and selects the best model for 
the task. In conclusion, MLtool is a 
framework applicable to a wide array of data 
analysis applications and capable of 
facilitating scientific research. 

 
5. Future Work 

 
For future development, we plan to 

integrate a user-friendly graphical interface 
(illustrated in Figure 8) to improve the 
useability of MLtool. The list of estimators will 

Figure 7. The actual versus predicted values with the calculated uncertainties. 



 

be expanded to include more additional 
models. We also plan to implement feature 

selection techniques and hyper parameter 
tuning components. 

 

 
Figure 8. The suggested web-based user interface for MLtool. 
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