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Abstract: Data is the most crucial component of a successful 

ML system.  Once a machine learning model is developed, it gets 
obsolete over time due to presence of new input data being 
generated every second. In order to keep our predictions accurate 
we need to find a way to keep our models up to date. Our research 
work involves finding a mechanism which can retrain the model 
with new data automatically. This research also involves 
exploring the possibilities of automating machine learning 
processes. We started this project by training and testing our 
model using conventional machine learning methods. The 
outcome was then compared with the outcome of those 
experiments conducted using the AutoML methods like TPOT. 
This helped us in finding an efficient technique to retrain our 
models. These techniques can be used in areas where people do 
not deal with the actual working of a ML model but only require 
the outputs of ML processes. 
 

Keywords: AutoML, Data preprocessing, Feature extraction,  
Feature selection, Hyperparameter, Machine Learning 
Optimization, Pipeline, Retraining, TPOT. 

I. INTRODUCTION 

Traditionally, when one wants to apply a machine learning 
solution, they have to have knowledge of, various 
mathematical concepts, programming languages, APIs etc 
and must also be intuitive enough to know what kind of 
problem they are trying to solve for example: regression or 
classification and they should also be able to select 
appropriate algorithm for their problem to obtain maximum 
accuracy. One must spend a lot of time to either teach 
themselves ML concepts sufficiently or take a course on ML 
in an educational institution.  
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This is obviously going to be very difficult if not impossible 
for people who are financially weak, people whose careers 
have little to nothing to do with learning mathematical 
concepts like non-STEM and non-finance careers etc. They 
might have some tasks which could be made significantly 
easier if they could apply ML solutions without having to 
learn all the concepts. Auto-ML aims to remove the need  for 
a user to constantly get into implementation details like model 
selection[7], hyperparameter optimization[6],[ 8] etc. This is 
obviously an ambitious wish and there are multiple tasks that 
need to be automated to fully achieve it but our research will 
be limited to try and find a way to give our ML model the 
ability to detect inaccuracies in its predictions and decide the 
degree of inaccuracy at which retraining is necessary and 
retrain itself on its own. 

A. Abbreviations and Acronyms 

      ML: Machine Learning 
      AI: Artificial intelligence 
      STEM: Science, Technology, Engineering &Mathematics 
      AutoML: Automated Machine Learning 
      TPOT: Tree Based pipeline optimization tool. 
      PCA: Principal Component Analysis 

II.  MACHINE LEARNING AND AUTOML 

A. Machine Learning 
ML enables the machine or a system to learn and improve its 
performance with experience, without being explicitly 
programmed. It is an application of AI. ML can be thought of 
as a human that tends to classify something on its own [23]. 
There are few types of ML. These include supervised machine 
learning, unsupervised machine learning, semi-supervised 
machine learning and reinforcement learning . Our research 
deals with supervised machine learning where the machine is 
trained using a labeled dataset. ML involves processes such 
data gathering, data preparation, selection of an algorithm, 
training, evaluation, parameter tuning and prediction. Data 
preparation takes about 90 percent of time in the data 
pipeline. ML can hence be time consuming and becomes 
expensive [1]. In order to automate the data preparation 
process,  AutoML had been introduced. 
B. AutoML 
AutoML automates the machine learning pipeline and makes 
the preprocessing of data, feature extraction and feature 
engineering processes simpler without any human 
intervention. In theory, AutoML removes the burden of 
creating a model from the user.  AutoML chooses the optimal 
values of hyperparameter themselves. Many cloud platforms 
like AWS,  
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Google cloud, H2O etc provide users with AutoML 
implementation. Our research work involves using the TPOT 
package in python to automate and extend our re- training 
process [17],[22]. 

C. TPOT 

TPOT is an AutoML method and open-source software 
package developed. TPOT was developed by Dr. Randal 
Olson with Dr. Json H. Moore at the Computational Genetics 
Laboratory of the University of Pennsylvania and is still being 
extended and supported by this team [22], [20]. 
The goal of TPOT is to automate the building of ML 
 

 
 

Fig 1: Working of TPOT 
pipelines by combining a flexible expression tree 
representation of pipelines with stochastic search algorithms 
such as genetic programming. TPOT makes use of the 
Python-based scikit-learn library as its ML menu[10], [11]. 
Fig 1 shows the working of a TPOT module. 

D. Advantages and Disadvantages 

The key advantage of AutoML over ML is that one does not 
concern themselves with what is happening inside a ML 
process. A non expert can easily perform ML operation 
without any prior knowledge about ML. A good set of results 
can be obtained by AutoML than ML. However the cost of 
training in AutoML is higher than training in AutoML[22]. 

III. PROBLEM DEFINITION 

Retraining machine learning models every time they become 
obsolete is time consuming. Especially when the application 
is complex and the training and evaluation datasets are large. 
There is a need to give the model capability to detect change 
in nature of data and retrain itself. We want to demonstrate a 
model performing this with the use of a classification 
problem. On music hosting sites like Spotify, there is a need to 
price advertisements differently to attract maximum number 
of advertisers. This can be done by pricing advertisements on 
popular songs of popular or trending artists higher than the 
not-so-popular ones. Our model should be able to detect 
periodic changes in popularity of various artists and classify 
them into categories for variable pricing. 

IV. OBJECTIVE 

Our main objective is to build a model that can retrain itself 
appropriately. To achieve this, we need to: 
1. Design an algorithm that can identify and detect a threshold 
when the model becomes inaccurate. 

2. Automate the algorithm and integrate an upgraded 
algorithm into our model. 

V. METHODOLOGY 

Our methodology in brief involves the following: 

 
Fig 2: Flowchart of the project 

 
A suitable dataset would be chosen in order to perform this 
experiment. 
1. The model then would be evaluated in terms of its accuracy 
to predict the result. This forms the first part of the project. 
2. The second part involves changing the data input values 
and testing the data with the existing model. If there is no 
change in the prediction, the model is retained else retrained. 
To achieve our objectives, we have made use of Python and 
various ML libraries available for Python. Initially tested our 
algorithms out on single feature regression and classification  
problems, then extended it to the Spotify advertising problem. 
We have attempted to create a model that can dynamically 
draw data from the internet so we can know the popularity of 
songs in real time. 

A. Extraction of data 

We first created a developers account on Spotify and 
generated client id and secret key to access the data as a 
Spotify developer. Python provides the users with a Spotipy 
package which connects to Spotify. Using the credentials to 
create a spotipy object, we extracted the data using the 
function calls search and audio features. The search function 
extracted the song name, popularity of the song, artist of the 
song and the album to which it belonged. Using the track id, 
which was one of the attributes of the results returned by the 
search function, as a parameter[32] in audio features, we 
extracted the audio features like danceability, tempo, key, 
mode etc[5]. 
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Fig 3:Snapshot of pseudocode 
 

B. Data Preprocessing 

We first described the dataset in order to get a picture of what 
data we would be working on [3]. We searched for any 
missing values[28], [29]. Our data has no missing values. We 
dropped the attributes such as ‘Artist Name’, ‘Track ID’, 

‘Track Name’ and ‘URI’,that were not in float or int format. 
Just like missing values, our data might also contain values 
that diverge heavily from the big majority of the other data. 
These data points are called outliers. To find them, we can 
check the distribution of our single variables by means of a 
box plot or we can make a scatter plot of our data to identify 
data points that don’t lie in the expected area of the plot [28], 
[29]. We visualize the data using plots. We visualize the data 
using plots. This helps us know what the attributes wish to 
convey about the output variable. 
Authentication snippet: 
import spotipy 
from spotipy.oauth2 import SpotifyClientCredentials 

cid =”xx ” 

secret = ”xx ” 

client 
credentialsmanager  =  
SpotifyClientCredentia
ls(clientid = 
cid.clientsecret=secret) 

sp = 
spotipy.Spotify(clientc
redentialsmanager = 
clientcredentials 
manager) 

All this 
information 
was saved 

onto a 
dataframe and 
then written 
onto a csv file 
for further 
work. We 
extracted data 
from the years 
2015-2019. 
This data 
would serve as 
our training 
data. 

 

Fig 4: Mean of each audio feature to know the exact mean 
value of each 
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Fig 5: Distribution of all attributes 
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Key (attribute) values were present in the form of numbers 
which had to be mapped to their equivalent nodes like C, C 
major, D etc. The keys were mapped using the map function. 

Similarly a value of 0 of the mode attribute had to be mapped 
to ‘minor’ while a value of 1 had to be mapped to ‘major’. 

C. Training 
We split the preprocessed data into training and testing sets. 
Training set constituted about 75 percent of the data while 25 
percent of the data was present in the test set. Training set was 
used to derive a model while the test set was used to evaluate 
the model. 

We compared all the regression models like linear 
regression, ridge regression and random forest regression in 
order to predict the popularity of a song. The algorithm 
showing the best R2 value was chosen. However for our data, 
all the models showed an R2 value of 0.04 hence we chose the 
linear regression model as it is the simplest of all. For 
classification we compared various algorithms like logistic 
regression, SVM, Random Forest, KNN etc in terms of 
accuracy to determine which algorithm would best suit our 
data. Model with higher accuracy was chosen. We performed 
K-fold cross validation in order to determine our algorithm. 

We can try classifying without having to perform 
regression as well. Following is the alternative to what we 
have done above: Instead of performing regression and then 
classification, we tried to predict the classes using all the 
audio features and popularity. Since it is a 14-dimensional 
array, we reduced the dimensions of the array such that it 
would be easier for the fit, predict and score functions to 
perform their job. Using PCA, we reduced the dimension of a 
14D array to a 2D array and passed it as input to our model. 

We observe that there is no difference in the accuracy 
predicted using both the methods. 

In one of the papers, handling similar kind of data and 
problem statement, it is mentioned that direct classification of 
data without performing regression can lead to loss in some 
important information and hence can affect accuracy [13]. In 
our case the accuracy remained the same using both the 
methods. 
D. Testing 

Once the model was trained, we evaluated the performance 
of the model using the test set. For linear regression, we used 
the mean square error and R2 scores to determine 
performance, while we used accuracy, precision and recall as 
scores for classification algorithm.[24] If the performance of 
the model was good enough for the test data, we saved the 
models onto two pickle files,[26] one for regression and one 
for classification using pickle module of python. This model 
will now be used on new incoming data. 

E. Retraining 

We have used python scheduler in order to extract data 
weekly. We use the saved models onto the data. If we find any 
change in the distribution or the accuracy scores of the model, 
we retrain it [14],[15], [19], [21]. 

We combine the data that we used to model previously and 
the new data that we extracted in order to train our model. If 
we do not detect any significant change in the accuracy or if 
the distribution [30] of the incoming data is similar to that of 
the data that was used to train the model, we do not retrain the 
model. For retraining we use an AutoML package called 
TPOT. TPOT selects the appropriate the algorithm for the 
dataset, tunes the hyperparameters and produces efficient and  

 
Fig 6: Distribution of the data w.r.t Normal 

distributionfaster results. 

VI. RESULT AND DISCUSSION 

The first part of our project required us to train and test our 
model using the ML library Scikit-learn[31]. Using traditional 
ML libraries gave us an idea of how the user needs to check 
for inconsistencies in data either using plots or mathematical 
functions. The feature selection and the model selection was 
done by us. The number of models from which we chose our 
best model, based on the accuracy score, was very limited due 
to our limited knowledge of models. We randomly selected 
the hyperparameter and didn’t tune it as we got the result we 

expected. However if we hadn’t got expected results, we 

would have had to tune our hyperparameters, giving it random 
values each time we wanted it to perform better. 
Using TPOT, an AutoML library for retraining and traditional 
ML library for initial training has given us sufficient reasons 
and conditions in which either of these libraries could be used. 
If the data is small and not complex, such that data 
preprocessing and model selection can be easily done by the 
user, then traditional ML libraries could be used. It is used 
when the number of resources to perform highly complex 
calculations in limited. 
On the other hand, when the data becomes complex and large 
such that data pre processing, model selection and hyper 
parameter tuning become a burden, then AutoML libraries 
could be used. However it must be ensured that the system one 
is working on can support highly complex calculations. 
Limitations of using TPOT: 
However efficient TPOT module might be, one does need to 
clean the data before sending it as an input to the TPOT 
classifier or regressor object. For example it does not accept 
missing values. 
TPOT can take a lot of time when it comes to handling large 
datasets.  
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The module is under constant development and hence can 
also lead to importing of future warnings. TPOT tends to slow 
down as the number of data points increase. It consumes lot of 
resources and hence can’t be used on basic laptops for large 

data. 
Advantages of using TPOT: Despite cleaning the data, all 

other data preprocessing steps such feature selection, feature 
engineering etc., algorithm selection and hyperparameter 
tuning are performed by the module itself. It gives the ba- sic 
possible pipeline for our dataset. It chooses from a range of 
algorithms that the user could be unaware of. 

Although TPOT takes in lot of resources, it selects the most 
appropriate algorithm in minimum amount of time. The 
burden of selecting the right algorithm and tune the 
hyperparameters is taken off our shoulders. 

The parameters generations, population size and verbosity 
in TPOT regressor and classifier functions depict the number 
of iterations to run the pipeline optimization process, number 
of individuals to retain in the Gaussian process population 
every generation and the amount of information 
communicated by TPOT, respectively. When verbosity is set 
to 2, it shows the optimization procedure through a progress 
bar as seen above. Since the number of generations set by us is 
5, it performs the optimization process in 5 iterations. It shows 
the best score for that pipeline in terms of negated mean 
squared error(for regression) and accuracy(for classification). 
The scoring function can be changed as per the need of the 
user and type of data.  The scoring function needs to   be 
mentioned while creating the object. TPOT will evaluate 
population size + generations x offspring size pipelines in 
total. Offspring size is the number of offsprings produced in 
each generation. By default it is set to population size. TPOT 
(Fig 14) chooses ExtraTreeRegressor with a cv score of 
-13.51(negated mean squared error) as the best algorithm for 
regression and ExtraTreeClassi- fier with a cv score of 1.0 
(accuracy) for classification. It can also be seen that the 
models are selected with specified hyperparameters. Fig 7 
shows the TPOT output for our data. We also compared the 
training scores of the models chosen by us using our 
interpretation of the data and the model chosen by AutoML. 

 
Fig 7: TPOT output 

 

 
Fig 8: Training score of model chosen by TPOT 

The scoring method used here is R2. As we can see, the R2 is 
almost 0 when it comes to Linear Regression in Fig 9, a model 
chosen by us. However the model chosen by TPOT gives a 
better score by tuning its hyperparameters in Fig 8. X-axis 
depicts  the value of the hyperparameter (in this case, number 
of trees). 

 

Fig 9: Training score of model chosen by us 

We also tried to plot the time taken by our AutoML code 
and traditional ML code with respect to the number of 
iterations as shown in Fig 10. For traditional ML, processing 
and training is not done in one go. One has to go through each 
plot produced, analyze the output of every feature, select the 
feature and then training. The process of training also requires 
the user to experiment with different hyperparameter values. 
Hence it may take days to come up with an ideal algorithm. 
The plot for traditional ML is on the algorithm that we have 
selected for our data by performing all the required steps 
beforehand. 
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Fig 10: Plot of Traditional ML (red line) and TPOT 

(blue line) taken for a different dataset 
So what library does one choose for retraining? It depends on 
the kind of application being developed and the compatibility 
of that library with different OS. We chose TPOT as it was 
Windows compatible and it could work with our data. There 
are many AutoML libraries that could be used and are 
efficient. One can also use traditional ML libraries for 
retraining, however AutoML does make the process of 
retraining easier as the user does not involve himself with 
selecting an algorithm especially when the user has limited 
knowledge of the models existing. 

VII. CONCLUSION 

The research started off by using traditional ML process. The 
hyperparameter tuning and selection of the model was 
manually done by us. Graphically, AutoML process took 
more time than the traditional ML process. However these 
graphs did not take the human intervention into account. The 
time a process takes depends on the type and size of a dataset. 
AutoML processes may take longer than traditional ML 
processes or may even take less time compared to traditional 
ML processes. However AutoML chose a more accurate 
model than what we chose using traditional ML process. 
Hence AutoML improves the accuracy of results and chooses 
the most appropriate model for the data. It also removes 
human intervention that is normally required in traditional 
ML processes. 
This research was just an attempt to see how we could 
integrate the idea of retraining with AutoML. Retraining is 
essential in cases where the data and the nature of data 
changes frequently.  Retraining can help the model be up to 
date and not become obsolete. There are many web services 
such as AWS, Azure [14], [15], [16], [27] etc that provide 
retraining of models as a service. AutoML packages are 
constantly under development and hence can’t be used very 

often. However they reduce the burden of selecting algorithm 
and tuning hyperparameters. It becomes useful especially in 
case of retraining, where the users may not always be able to 
select the right type of algorithm for their datasets.  
 
 

This research contributes just a little bit to the overall 
objective of the field of AutoML. Our work can empower the 
common man to use ML as a tool. By removing the burden of 
retraining and selecting algorithms from the user, we can 
increase the pool of people who can use ML in their daily 
lives, especially the ones in non-STEM fields. 
We have used only accuracy as the metrics to evaluate our 
model when retraining. However accuracy alone cannot 
determine how well our model can classify the dataset. Any 
future work may involve using other metrics such as 
precision, recall, and f1. The reason why we didn’t choose to 

use other metrics as measures was because we would have had 
to create new TPOT classifier objects every time we required 
scoring the model using different metrics. It would be time 
consuming and inefficient to create new objects for all the 
metrics present. Accuracy is the default metric when creating 
a TPOT classifier object. However, one can use other metrics 
in order to compare and create a model. Any further 
improvements shall include using all the metrics to capture 
how well the model does the classification. 
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