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Abstract

Health researchers and healthcare professionals are interested in exploring predictive analytics and machine learning applications
of health data but were challenged by accessing software programming expertise and dealing with the complexity of carrying out
machine learning based predictive analysis (e.g., prediction of a future outcome at the individual level). We present an automated
machine learning analytical pipeline dummyML, a free and open-source tool designed to reduce the burden of conducting
exploratory machine-learning data analysis on tabular data (e.g., data organized into a table, in which information is arranged in
rows and columns), for non-experts, and to facilitate meaningful variable explanation.
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Abstract

Health researchers and healthcare professionals are interested in exploring predictive analytics and
machine learning applications of health data but were challenged by accessing software
programming expertise and dealing with the complexity of carrying out machine learning based
predictive analysis (e.g., prediction of a future outcome at the individual level). We present an
automated machine learning analytical pipeline dummyML, a free and open-source tool designed to
reduce the burden of conducting exploratory machine-learning data analysis on tabular data (e.g.,
data organized into a table, in which information is arranged in rows and columns), for non-experts,
and to facilitate meaningful variable explanation.
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Introduction

Healthcare professionals have seen an exponential increase in biomedical data sets, ranging from
electronic health records (EHR) collected in hospitals[1], omics data collected in the laboratory
setting[2], administrative data routinely collected by healthcare authorities[3], and many others[4],
[5]. Predictive modeling based on machine learning (ML) algorithms is gaining popularity and has
shown promising results in analyzing these complex biomedical data sets to support disease
diagnosis, biomarker discovery, treatment optimization, and healthcare management[3], [4], [6], [7].
For example, a recent study[3] achieved good accuracy in predicting the onset of diabetes using
routinely collected administrative health data on 1,657,395 patients by applying ML-based predictive
modeling. However, adopting best practices when building ML models and deploying the models in
production requires a high level of expertise in both machine learning and computer programming.
These technical requirements pose a barrier to the widespread adoption of machine learning among
health data users. Thus, automated data analysis tools based on machine learning are in high demand
for data users with domain knowledge in healthcare but limited expertise in ML and programming.

Various automatic machine learning (AutoML) solutions have been proposed to automate the process
of raw data preprocessing, predicting variable or feature engineering, model selection, and model
deployment[8]. The core idea of AutoML solutions is to select an ML algorithm and the
corresponding hyperparameters of this algorithm to achieve optimal performance on a given task.
One of the state-of-the-art AutoML systems is Auto-Sklearn[9], which was built on top of
Sklearn[10], one of the most widely used machine learning packages for experts and novices. Auto-
Sklearn applied Bayesian Optimization[11] to select the hyperparameters in controlling the data
preprocessing, feature preprocessing steps, and base machine learning models. For example, for a
classification problem, Auto-Sklearn uses 15 base classifiers, 14 feature preprocessing methods, and
four data preprocessing methods, resulting in 110 hyperparameters. And these 110 hyperparameters
are tuned by Bayesian Optimization. The final output is an ensemble of the 15 base classifiers, and
the weights will be determined by the classifier’s performance on hold-out validation data or cross-
validation. Another widely used AutoML system is Auto-Weka[12], which is implemented on Java
and as a standalone application. Some other popular AutoML systems include TPOP[13] based on
genetic algorithms for hyperparameter tuning and TuPAQ[14] based on query optimization.

Despite the development of many sophisticated AutoML systems, it’s underutilized in healthcare
research[8]. A key underlying challenge is the lack of transparency in black-box AutoML systems.
For example, to solve a classification problem, Auto-Sklearn used Bayesian Optimization to optimize
110 hyperparameters, and the resulting model is an ensemble of 15 base machine learning models. A
combination of ML models as an ensemble may complicate the interpretation. Also, combining 14
feature preprocessing methods and four data preprocessing methods produced uninterpretable
features that can be very difficult to map back to the original variables. The lack of transparency of
these sophisticated AutoML systems impeded their usage among healthcare professionals who are
not confident about the automated generated results and worried about the interpretability of the
derived highly complex ensemble models.

Another common barrier to applying ML in healthcare research is the skewed distribution of
different classes within datasets (e.g., disease versus non-disease). This class imbalance makes it
challenging for ML models to learn effectively from the data, potentially introducing biases and
impeding model performance and interpretation. Accessing and using algorithms that address the
class imbalance in data adds a layer of complexity to users without a deep knowledge of ML and
programming.
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To make ML analysis accessible, we developed dummyML to address the challenge of model
transparency and interpretability, as well as to reduce the technical skills barrier for users, by
applying commonly used steps in practical predictive data analysis and providing a web-based
graphical user interface (GUI) for the automated data analysis, including user selection of analysis
pipelines, model training and saving trained model for future testing and deployment. Users can
finish all the data analysis steps by click-and-run without a deep knowledge of programming.

Common data analysis steps in practical predictive data analysis

The components of dummyML were designed following common steps in practical predictive data
analysis. 1) Tidy the raw data into tabular form with each row representing a subject and each
column representing a variable[15]. 2) Explore the data to have a better understanding of them. 3)
Preprocess the data, e.g. remove free-text data, missing value imputation, dummy coding the
categorical variables, etc., to prepare it for ML models. 4) Compare multiple types of models, e.g.
regularized linear models, random forest, support vector machine and gradient boosting, and select
the hyperparameters (i.e., configuration variables) of these different ML models. 5) Validate the
selected models’ performance for making predictions. 6) Select a single model based on the trade-off
between predictive performance and interpretability. 7) Deploy the selected model to make
predictions on future data sets.

User interfaces of automated data analysis pipelines

We implemented the automated data analysis pipeline by closely mimicking the above commonly
used data analysis steps. In this way, automated data analysis is as transparent as practical predictive
data analysis. The proposed automated data analysis pipelines, named “dummyML”, have two user
interfaces, programming-based and GUI based. A Python package named “dummyML” was
implemented for the proposed automated data analysis pipeline. Users with Python programming
experience can use this package to achieve maximum flexibility in doing automated data analysis
with minimum effort in writing codes. A separate web application named “dummyML_web" was
developed to provide a web-based GUI for users without programming experience in Python. Users
can still finish all the automated data analysis steps and deploy the trained models for predicting
future data by click-and-run without deep programming knowledge, after proper setup by themselves
or with the help of an IT technician on a local PC or online service.

Design of dummyML
The dummyML is more like an automated data analysis pipeline rather than an AutoML system. Our
implementation was set apart from other AutoML systems by the following principles.

Mimicking practical predictive data analysis steps. The implemented dummyML closely
mimicked the commonly used data steps in practical predictive data analysis. It is not as
sophisticated as other well-established AutoML systems and has some limitations, i.e., feature
engineering is not encouraged even though the option is provided in dummyML, only commonly
used data preprocessing steps are available, and can only choose from widely used standard models.
However, the advantage of following practical prediction data analysis steps is that it is easy to
interpret the data using a framework that health researchers are already familiar with.

Designed for non-experts. The implemented dummyML consists of two user interfaces. Non-
experts with experience in Python programming can use the programming interface to achieve
maximum flexibility in automated data analysis with a few lines of code. Non-experts without
experience in Python programming can use the web-based GUI to finish all the steps in automated
data analysis by click-and-run without any programming. Furthermore, the users can easily deploy
the trained models in a web application to make predictions for other users.
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Implementation details

Data exploration. The automated data analysis pipeline requires the data to be in tabular form; each
row indicates a subject and each column indicates a separate variable. We applied the Python
package ydata-profiling[16] to generate basic summary statistics, e.g., missing patterns, quantile
statistics, correlation statistics, and histogram plots, to facilitate data exploration.

The GUI for the data exploration part is depicted in Figure 1. Click the checkbox “A sample of the
raw data” will show a random sample of the raw data, and click the checkbox “Data summary” will
show an HTML page containing the basic summary statistics to explore the raw data.

Summarize the raw data

A sample of the raw data is shown as follows
A sample of the raw data
The raw data is summarized as follows

Data summary

Figure 1: The GUI for the data exploration section in the proposed automated data analysis pipeline.

Data preprocessing. We implemented a minimal but viable data preprocessing pipeline to prepare
the data for the ML model's compatible features. 1) The variables with limited unique integers
(sometimes, a categorical variable is coded as integers rather than the original string format) can be
transformed into categorical variables. 2) The categorical variables are one-hot coded with missing
values as a separate level. 3) Samples and variables with large amounts of missing values are
excluded from the data analysis. 4) Median imputation is used to impute the missing values in
quantitative variables. 5) All the above steps are saved for preprocessing future data.

Figure 2 depicts the GUI for the data preprocessing section. The user can either use the default
values for the arguments to control the data preprocessing behavior or set up the values according to
their understanding of the data. The GUI also provides the meaning of the arguments, tips and tricks
for setting these arguments, key steps in the data preprocessing section, and a link to the source code.
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Data preprocessing process

The arguments to control the data preprocessing behavior

Using default values or customize the values by yourself?

Customize -

Meaning of the parameters +

Tips & Tricks +
cat_levels_threshold missing_threshold for future test verhose

6 - + 0.50 - + 0 + 1 =

Key points and the source code of data preprocessing process

Key points and source code +

Basic information of the preprocessed data

The size of the preprocessed data are: design matrix X (891, 18) ; outcomey (891,)

Figure 2: The GUI for the data preprocessing section of the proposed automated data analysis
pipeline.

Select and fit multiple types of ML models. For the majority of ML models, there are associated
hyperparameters to control the model’s complexity. The hyperparameters of an ML model must be
properly selected to achieve good prediction performance on unseen data, future data, or artificially
left test data. A complex model may overfit the training data, where the resulting model fits the data
well but performs poorly on the unseen data, and an oversimplified model may underfit the data and
not make meaningful predictions. A simple example is the Lasso model (linear regression model with
Lasso penalty), in which the strength of the Lasso-type penalty controls the model’s complexity.
When the Lasso penalty is very large, all the coefficients shrink to zero, and underfitting happens;
when the Lasso penalty is very small, all the coefficients are nonzero. Overfitting may happen when
data is of high dimensional,

In practical predictive data analysis, we need to select both the type of ML model and the
hyperparameters associated with the model. And, unlike the previously mentioned AutoML systems,
e.g., the ensemble of 15 classifiers in the Auto-Sklearn, we prefer to use standard ML models, which
usually give satisfactory results when properly tuned. Standard ML models were also widely tested
in research and production, and interpretation methods were established. We included the following
standard models (Table 1) in the automated data analysis pipelines for both classification and
regression. Three additional models specially designed for imbalanced classification, where the
number of positive cases in the outcome overwhelmed the negative cases, were also included as
standard models. After the preprocessed data is split into training and test data sets, the specified
standard models are tuned to select the corresponding hyperparameters. The list of standard models
and the corresponding hyperparameter tuning method are shown in Table 1.
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Model Hyperparameter Hyperparameter Feature importance
tuning method measure

Linear model None None Coefficient

Linear model with Strength of Lasso Grid search Coefficient

Lasso type penalty type penalty

Linear model with Strength of ridge type Grid search Coefficient

ridge type penalty penalty

Linear model with Strength of Lasso Grid search Coefficient

ElasticNet type type penalty; the ratio

penalty of L1/L2 penalty

Support vector Regularization Bayesian Permutation

machine strength; Kernel Optimization importance

Neural network Number of hidden Bayesian Permutation

(multi-layer layers, hidden layer Optimization importance

perceptron) sizes, learning rate,
L2 regularization

Gradient boosting Maximum depth of Bayesian Impurity-based
base tree; number of Optimization feature importance
trees

Random forest Maximum number of Bayesian Impurity-based
features for splitting; Optimization feature importance
number of trees

Random under- Maximum depth of Bayesian Impurity-based

sampling integrated base tree; number of Optimization feature importance

in the learning of trees

AdaBoost

Balanced random Maximum number of Bayesian Impurity-based

forest model features for splitting; Optimization feature importance

number of trees

Table 1: Standard models included in the dummyML package and the corresponding
hyperparameters and hyperparameter tuning method.

The GUI for the select and fit multiple types of ML models is depicted in Figure 3. The user can
specify the standard models for comparison. Also, the user can either use the default values for the
arguments to control the data preprocessing behaviour or set up the values according to their own
understanding of the data. The meaning of the arguments, the tips & tricks for setting these
arguments, the key steps in the data preprocessing section, and the link to the source code are also
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available in the GUI.
Select and fit the user specified models

Specify the models you want to use
Help on the model options +

Target models

Support vector machi... X Gradient boosting X
Random forest X Neural network X

Specified models are ['Linear', 'Lasso', 'Support vector machines', 'Gradient

boosting', 'Random forest', 'Neural network']
The arguments to control the model selection and fitting behavior

Default values or customize for models

Default -
Show the default values
Select and fit the models on training data
Run

Key points and the source code of data splitting

Key points and source code +

F . the proposed
automated data analysis pipeline.
Validate the selected models. After the models are selected and fitted, they are further validated on
the test set or through K-Fold cross-validation (CV) (default K= 10). The models are validated with
respect to most commonly used metrics, i.e., sensitivity, specificity, balanced_accuracy, recall,
precision, f1_score and AUC for classification models and R squared, mean squared error (MSE) and
mean absolute error (MAE) for regression models. The scoring algorithms are native to Sklearn [10],
see sklearn.metrics API documentation for details.

Figure 4 depicts the GUI for validating the selected models section. The user can either use the
default values for the arguments to control the validation process or set up the values according to
their own understanding of the data. The GUI also provides the meaning of the arguments, tips and
tricks for setting these arguments, key steps in the data preprocessing section, and a link to the source
code.
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Evaluate the selected models

The arguments to control the model evaluation behavior

Default parameters or customize the parameters for train and test splitting

Default -

Show the default values

The selected models' performance on the test set and/or on K-Fold CV

Model evaluation: AUC-ROC Model evaluation: complete

Figure 4: The GUI for the validation of the selected models section in the automated data analysis
pipeline.

Save the selected models and explore the results After selected models are evaluated, they can be
saved for other uses. We can also try to interpret the selected models by examining the variables’
contributions to the prediction. The measures used to evaluate the contribution of each variable in the
prediction model are in Table 1.

Real-world dummyML example

We further demonstrate the functionality of the dummyML pipelines on automated data analysis
using an Electronic Healthcare Records (EHR) data set. MIMIC-III[1] is one of the largest open-
source EHR data sets from emergency departments in a large tertiary care hospital. MIMIC-III
contains comprehensive measurements on diagnosis, medical procedures, medication, lab tests, vital
signs, clinical notes, survival data, length of stay, etc. Harutyunyan and colleagues [17] proposed
building several benchmark data sets based on MIMIC-III to compare the existing models and newly
developed models’ performance on several commonly used tasks in practice. We used the automated
data analysis pipelines on the benchmark data set to predict in-hospital mortality. The results are
shown in Table 2.

clf linear clf lasso clf_ridge clf_gb clf_rf

sensitivity 0.71925133 0.55614973 0.70320855 0.30213903 0.24866310
7 3 6 7 2

specificity 0.79524807 0.84381551 0.79944095 0.98357791 0.98567435
8 4 8 4

balanced_accuracy 0.75724970 0.69998262 0.75132475 0.64285847 0.61716872
8 3 3 7 8

recall 0.71925133 0.55614973 0.70320855 0.30213903 0.24866310
7 3 6 7 2

precision 0.31461988 0.31755725 0.31421744 0.70625 0.69402985
3 2 3 1
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f1_score 0.43775427 0.40427599 0.43435177 0.42322097 0.36614173
2 6 5 4 2

AUC 0.83693763 0.78388631 0.84033920 0.86049918 0.85028980
4 4 3 1

Table 2: The results of the test set of the benchmark MIMIC-III data sets using the proposed
automated data analysis pipeline.

Discussion

dummyML is a free and open-source automated data analysis pipeline for building predictive
modeling on tabular data. It is intuitive and easy for healthcare professionals with limited expertise in
ML and programming to use. The adoption of dummyML will enable health professionals to make
full use of their ever-growing healthcare data sets by applying advanced ML techniques.

dummyML is designed for non-experts with or without Python programming experience. Non-
experts with limited Python programming experience can make full use of the developed dummyML
Python package to achieve maximum flexibility in the automated analysis of their data sets. Non-
experts without Python programming experience can also automate the analysis of their data sets by
click-and-run without any deep knowledge of programming. In addition, the provided web
application makes it easy for non-experts to deploy their trained models in production. No
programming effort or knowledge about web development is needed for model deployment.
dummyML has been used as a core analytical tool by the authors for academic research (e.g., [18])
and serves as a starting point for efficient data exploration. The tool is open-source and thus can be
modified by the research community to fit specific future analytical needs.

Although the dummyML is not as sophisticated as other well-established AutoML systems, by
mimicking the steps of practical predictive data analysis, the model selection process and the
selected models in dummyML enjoy the same level of transparency and interpretability as practical
predictive data analysis. Transparency and interpretability are two of the most important factors in
healthcare data analysis. In addition, as shown in the real data analysis of predicting the in-hospital
morbidity in one of the largest open-source EHR data, MIMIC-III, the well-tuned standard models
work well.
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