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Machine Learning Workflow - Part 1
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Starting this month, we would like to go through the entire work-
flow for developing a machine learning model and highlight some
of the available techniques for each step. The goal is to introduce
terminology and provide a general idea about the workflow rather
than in-depth technical details. We hope you find this article help-
ful if you are thinking about developing one or two prediction tools
for your practice. We are also open to collaboration to help you get
your first predictive modeling project started.

“This month, we would like to take a
deeper dive into discussing two major
types of classical machine learning
and introducing several “non-linear”
algorithms to the readers.”

Overview

Figure 1 depicts the general process for machine learning model
development. Data collection and processing are key to success-
ful modeling and will be discussed in this article. In predictive
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modeling, data is typically split into training and testing datasets.
While the training dataset is used for model development and
fine-tuning, the testing dataset should not be touched. The test-
ing dataset is used to validate the model externally. Ideally, in the
context of healthcare predictive modeling, the training data set
should be collected retrospectively, and the test data set should
be collected prospectively. However, this assumes that the pro-
spective test cohort will follow the same standardized and strin-
gent clinical management standards as the retrospective training
dataset. More frequently, the retrospective dataset is split into the
training and the testing datasets. There will be more discussion
about ways to construct the training and testing datasets in a later
article.

Data preparation
Define the question and determine the prediction goal

In the practice of neonatology, we deal with uncertainty about the
future constantly. Now that the mortality rate of neonates has de-
creased, the current focus of neonatal research has shifted from
“how can we get these babies to survive?” to “how can we give
these babies a good quality of life?” While this goal may seem too
ambitious at first glance, we can utilize the latest machine learn-
ing algorithms and predictive modeling practices to contribute
significantly to the answer to this question. In general, the goal
of predictive modeling is to use the hidden patterns in current or
past data to predict the outcome. “Hidden,” in this instance, refers
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Figure 1: The general process for machine learning model development.
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to the fact that there are a lot of quantifiable patterns in biology
that are unrecognizable to the human eye; therefore, we must rely
on machines to recognize these patterns for us. While traditional
hypothesis generation and testing may not always be necessary
for a predictive modeling project, as such projects are exploratory
by nature, it is imperative to identify the clinical question and the
prediction goal. Key aspects to consider are (1) cohort size and
(2) clinically relevant variables.

Cohort size is critical to successful modeling. Machine learning
algorithms require a large amount of data to sort out the patterns.
The orders of magnitude for the amount of data required depend
on the type of machine learning algorithm. Classic machine learn-
ing relies on data points in the range of at least hundreds, while
deep learning requires data points in the range of thousands. Fur-
thermore, there may not be enough data within a single center
to successfully create a prediction model depending on the pre-
diction goal. Therefore, it is essential to determine whether data
from a single center will suffice or if a multi-center collaboration is
required.

“Classic machine learning relies on data
points in the range of at least hundreds,
while deep learning requires data points
in the range of thousands. Furthermore,
there may not be enough data within

a single center to successfully create

a prediction model depending on the
prediction goal. ”

Using clinically relevant variables is also key to a successful pre-
dictive modeling project. We are trained to use an existing staging/
grading system to “quantify” disease severity in clinical practice.
The classification system usually has a prognostic association but
is not “predictive.” For example, a recent report using data from
Vermont Oxford Network showed that Grade 3 bronchopulmonary
dysplasia is associated with a significantly higher likelihood of
having a tracheostomy (18.3% vs. 1.0% in all infants) and longer
hospital stay (median discharge at 49 weeks postmenstrual age
vs. 39 weeks in all infants) (1). However, there is no guarantee that
using this existing classification system is the best way to capture
the hidden patterns within our data. Depending on the project’s
goal, the variables chosen for your predictive model should be in-
tentional and discussed thoroughly. Notably, in machine learning
jargon, “variables” are known as “predictors” or “features.”

Data collection

Once the question has been defined, and a prediction goal is set,
the next step is to collect data. We highly recommend collecting
only raw data instead of processed or interpreted data. For ex-
ample, collect data on PDA size in millimeters, not as small/mod-
erate/large. Raw, untransformed, and humanly uninterpreted data
with higher resolution will maximize the predictability. Plus, we can
also recode the data elements into lower resolution as needed
during data processing. It is also essential to use the tidy format
in data collection: (a) each variable must have its own column; (b)
each observation must have its own row; (c) each value must have

its own cell (2). These rules seem straightforward, but it takes con-
siderable effort when designing the data collection sheet to abide
by them. One approach, which we have taken successfully, is to
work with database experts in the medical informatics department
to directly extract data from the database server that stores all the
data for the electronic health records (EHR). While there is a slight
learning curve when it comes to communicating with the database
architect and learning about database systems, it does help tre-
mendously to get the mindset of what tidy data means right after
being familiar with the database system because all structured
EHR data are stored in a tidy format. Notably, it is still tricky to ex-
tract free-text data from the EHR. Sometimes it is much easier to
go into the charts and do a manual chart review. Ideally, data are
collected in a tidy format. But if not, the subsequent data clean-up
steps should be taken to restructure the data into a tidy format for
more straightforward analysis.

Which specific data to collect and what format the data should be
in is a very complex topic and can severely alter your predictive
model outcomes. While it may not be desirable and is impossible
to collect data on all variables, we do agree that we must bear
an adventurous mind and be bold about what data to collect. To
start, we may search the literature for risk and protective factors
that have been reported to be associated with the outcome we
would like to predict. These well-established risk factors can serve
as “positive controls.” For example, gestational age would be a
good “positive control” when predicting respiratory outcome due
to its strong correlation. Clinical observation is also important. We
would suggest including those variables that may have a correla-
tion with the outcome based on anecdotal experience. One may
also include factors that may seem irrelevant to serve as “nega-
tive controls,” although true independence between a feature and
the desired outcome measure may not be detected by human
perception. Collinearity is not a huge concern because there are
techniques (regularization or non-linear algorithms as examples)
to address it (3,4). For decision tree-based models, highly correla-
tive variables should have similar importance scores (4). In such
cases, the physiological relationship between the two variables in
question can be further confirmed. Nonetheless, during the initial
planning stages of the study, it is imperative to discuss which vari-
ables are to be collected and in which format. Deciding on these
aspects of data collection midway through the study rather than
the start of the study can lead to bias and overfitting.

Data processing

Data processing may include transforming data, eliminating zero-
or near-zero-variance features, and dealing with missing values.
Transforming data is particularly useful when using specific algo-
rithms such as linear regression or Gaussian naive Bayes, which
require continuous variables to have a normal distribution. Expo-
nential and power transformations (Box-Cox or Yeo-Johnson) are
common techniques. Additionally, techniques such as centering
around the mean and feature scaling may be performed to normal-
ize or standardize the dataset. For example, if you have a variable
with a range of 0 to 10 and another variable with a range from 0 to
1000, centering and scaling the data will strengthen your predic-
tion model because it increases the comparability of the variables.

It is important to assess zero- or near-zero-variance in the fea-
tures and eliminate these variables before training a model. Sim-
ply, when a variable has a high percentage of zero data, it is very
likely that only observations with zero values will be selected when
randomly selecting observations to construct the training dataset.
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In this case, the variable becomes useless because all observa-
tions have the same value, which is zero. These predictors should
be removed during data processing steps.

“The major concern regarding missing
values is whether the final model
developed is skewed by the missing
values and/or how the missing values are
handled. Handling missing values by itself
is a huge area of research and should

be discussed with the machine learning
engineer or the data scientist early on
during project development.”

ity and potentially creating bias. In contrast, multiple imputations,
which are based on developing additional predictive models to
predict the missing values, can be performed to impute the miss-
ing values. Multiple imputations are out of the scope of the article,
so they will not be discussed here. Regardless of which method to
choose, the same method must be used during the model valida-
tion process. Different methods can be tried to process the data
for training. The best method may then be determined based on
model performance, which we will discuss in Part 2 next month.

“Regardless of which method to choose,
the same method must be used during
the model validation process. Different
methods can be tried to process the data
for training.”

Missing values

Missing values are common in healthcare data and can be a head-
ache in machine learning. While some algorithms, such as regu-
larized linear regression and generalized additive modeling, can
tolerate missing values, most algorithms require complete data.
There are three major types of missing values: (a) missing com-
pletely at random (MCAR), (b) missing at random (MAR), and (c)
missing not at random (MNAR) (5). The mechanism of missing-
ness in MCAR is independent of the collected or the missing data.
In MAR, the mechanism of missingness is dependent on the col-
lected data, whereas, in MNAR, the mechanism of missingness is
dependent on the missing data. It is not easy to distinguish among
different types of MCAR, MAR, and MNAR. The major concern
regarding missing values is whether the final model developed
is skewed by the missing values and/or how the missing values
are handled. Handling missing values by itself is a huge area of
research and should be discussed with the machine learning en-
gineer or the data scientist early on during project development.

One way to deal with missing values is to eliminate the rows that
contain missing values, but by doing this, the total observation
number will decrease and may also cause bias in the final model.
Generally speaking, if the missing data only comprise no more
than 5% of the total observations, those incomplete observations
can be ignored, an approach called complete case analysis (only
analyzing complete data). On the other hand, if the percentage of
the observations with missing values is significant, effort should
be spent on understanding the missingness mechanism and
whether another round of chart review or selecting additional sur-
rogate features is feasible.

Alternatively, imputation of missing values may be performed.
There are three “easy” methods to impute missing values: (a) add
a constant value (using the last observed value or the worst value
observed for the subject, for example); (b) use the corresponding
value for the predictor from a random observation; (c) use the
mean, median, or mode value from the variable. These methods
can collectively be considered as single imputations. Single impu-
tation has its own caveat, including underestimation of the variabil-

Figure 3. Visual depiction of a decision tree.

Summary

Data preparation takes up most of the time during model develop-
ment. Most data scientists would agree that they spend at least
80% of their time on data processing, emphasizing the importance
of crafting well-processed data before training should occur. We
hope you enjoy reading this article. We will discuss model training
and validation next month.
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