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SUMMARY

In current machine learning approaches, data is
crucial, yet it is often overlooked and mishandled in
artificial intelligence (Al). As a result, many hours
are wasted fine-tuning a model based on faulty
data. Hence, there exists a new trend in Al, which is
data-centric Al. We hypothesized that data-centric
Al would improve the performance of a machine
learning model. To test this hypothesis, three models
(two model-centric approaches and one data-centric
approach) were used. The model-centric approaches
included basic data cleaning techniques and focused
on the model, while the data-centric approach
featured advanced data preparation techniques and
basic model-training. We found that the data-centric
approach gave a higher accuracy than the model-
centric approaches. The model-centric approaches
achieved 91% and 90% accuracy, respectively,
whereas the data-centric approach achieved 97%
accuracy.

INTRODUCTION

Artificial intelligence (Al) is a thriving field in computer
science. The goal of Al, within research is to improve
accuracy with the least resources. For a machine learning
model, accuracy will increase over time - the higher number
of training epochs (the greater amount of training time), the
higher accuracy it achieves (1). However, at a certain point,
its accuracy will no longer increase, posing a problem for
researchers: how to continue to improve the model when
model training is not effective anymore (2). A machine learning
model can be broken down into two parts: the data and model
(or the neural network structure). There is an analogy where
data is described as the food and the model is described as
the body. As they say, “we are what we eat”, so the model
(or the body) will be “healthy” if it has good data but will be
“unhealthy” with bad data.

Thus, a solution for the problem of model accuracy is to
focus on the data quality. A model will improve if the data
fed into it is of high quality (2). Therefore, machine learning
researchers have been focusing on data preprocessing (3).
In other words, data-centric Al is a new trend in Al. Besides
advanced preprocessing techniques, data-centric Al requires
high quality data labeling, which is the process of assign-
ing one or more labels to the data (4). This involves both
effort from data providers and machine learning operations
(MLOps).

Model-centric Al is a subset of Al research that focuses
on optimization, cost-function, and hyper-parameters (e.g.,

batch size, learning rate, number of layers and epochs) to im-
prove models (5). Data-centric Al is another subset of Al that
focuses on data preprocessing to improve the quality of the
data which will eventually be fed into models (6). Data-cen-
tric Al requires data consistency while model-centric Al may
accept inconsistent data labels (7). While the model-centric
approach optimizes the model to deal with noisy data, the
data-centric approach invests in data quality tools to clean
noisy data (7). While the model-centric approach improves
the model iteratively, a data-centric approach iterates the
data quality (7).

There are many advantages of data-centric Al compared
to model-centric Al. First, advances in models are assumed
to reach a benchmark while advances in data still prove ef-
ficiency (2). Second, data-centric approaches allow for more
domain experts to contribute as data are easier to understand
to them than mathematical equations (2). Considering these
advantages, we hypothesized that data-centric Al would
improve the performance of a machine learning model. To
test this hypothesis, a total of three machine learning mod-
els (two Model-centric and one Data-centric) were used. The
two model-centric approaches focused on the neural network
structures and the number of training epochs (iterations) to
improve their accuracy, while the data-centric approach fo-
cused on refining the data with advanced techniques (outlier
detection, feature creation, dimensionality reduction, feature
scaling) to improve the accuracy. Our research revealed that
the model-centric approaches attained an accuracy of 91%
and 90%, while the data-centric approach had an accuracy of
97%. Given data-centric Al’s superiority to model-centric Al,
more emphasis will be put on data quality and data prepro-
cessing of machine learning.

RESULTS

We used the Wisconsin Diagnostic Breast Cancer data-
set to compare model-centric and data-centric approaches
(8). The two model-centric approaches included basic data
cleaning techniques and model training for 60 epochs, where-
as the data-centric approach featured advanced data prepa-
ration techniques (e.g., outlier detection, feature creation, and
data balancing) and model training for only 20 epochs. Ten
test runs (repetitions) were conducted.

After the model trainings and 10 test runs, the model-cen-
tric approach 1 and approach 2 achieved an average accu-
racy of 90.8% and 89.6%, respectively, while the data-centric
approach achieved 96.6% accuracy (Table 1). Our results
support that the data-centric approach performs better than
model-centric approach 1 and approach 2 respectively with
p-values of 0.00002 and 0.0008 both smaller than 0.05.

To describe the performance of a classification model
on a set of test data, confusion matrices were used. The
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Model-centric approach 1 | Model-centric approach 2 | Data-centric approach
Test run #1 0.87 0.83 0.97
Test run #2 0.93 0.87 0.98
Test run #3 0.9 0.94 0.97
Test run #4 0.9 0.95 0.95
Test run #5 0.87 0.94 0.97
Test run #6 0.9 0.86 0.96
Test run #7 0.95 0.94 0.96
Test run #8 0.95 0.9 0.96
Test run #9 0.94 0.95 0.97
Test run #10 0.87 0.78 0.97
Mean 0.908 0.896 0.966
Standard Deviation 0.000531111 0.001746667 3.55556E-05
Variance 0.001062222 0.003493333 7.11111E-05

Table 1: Accuracy of the three model-building approaches (model-centric approach 1, model-centric approach 2, and data-centric

approach) over 10 test runs (repetitions of the learning process).

model-centric approach 1 predicted 46 true negatives, 9 false
positives, 4 false negatives, and 84 true positives among 143
predictions (Table 2). The model-centric approach 2 predicted
43 true negatives, 12 false positives, 4 false negatives, and
84 true positives among 143 predictions (Table 3). The data-
centric approach predicted 65 true negatives, 3 false positives,
2 false negatives, and 66 true positives among 136 predictions
(Table 4). In this particular breast cancer prediction problem,
both model-centric approaches predicted an average of four
false negatives among 143 data points (3% rate). This means
that 3% of the time, the models could not detect the patient’s
cancer, which in a clinical setting could result in the patient not
receiving treatment (Table 2-3). Compared to this number, the
data-centric approach predicted 2 false negatives among 136
data points (1.4% rate), which demonstrates a significantly
better result delivered in clinical setting (Table 4).

The accuracy increases during the whole training process
of 3 models were also considered (Figure 1). This was ob-
tained using Tensorboard, which is a visualization and tooling
kit for machine learning. For model-centric approach 1 and
approach 2, in the first epoch, the models only achieved ac-
curacies of under 60%. After a training process of 60 epochs,
the models gained an accuracy of 91% and 90%. For the data-
centric approach, in the first epoch, the model achieved over

Predicted: NO
46
4

Predicted: YES
9
84

Actual: NO
Actual: YES

Table 2: Confusion matrix of model-centric approach 1.

Predicted: NO
43
4

Predicted: YES
12
84

Actual: NO
Actual: YES

Table 3: Confusion matrix of model-centric approach 2.

Predicted: NO
65
2

Predicted: YES
3
66

Actual: NO
Actual: YES

Table 4: Confusion matrix of data-centric approach.

80% accuracy. After a training process of only 20 epochs, the
model reached an accuracy of 97%. As can be clearly seen,
refining data makes models function significantly better, from
the beginning of the training process.

DISCUSSION

Our results suggest that data-centric Al could improve
machine learning remarkably in terms of both accuracy and
computing efficiency (number of epochs). At the end of the
process, while the two model-centric approaches yielded
around 90% accuracy after 60 epochs, the data-centric ap-
proach only took 20 epochs to attain 97% accuracy. In the
research, we chose to use two model-centric approaches to
help assess whether the results were generalizable and not
specific to a model. And a total of ten test runs were used to
strengthen the statistical robustness of the research as re-
sults may differ each time.

Comparing 3 approaches on a dataset, the importance of
refining data is shown as the data-centric approach featuring
several advanced data preprocessing techniques performed
best. As people move towards data-centric Al, various im-
pacts can be made. First, the work of machine learning is
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Figure 1: Accuracy of the three model approaches over time.
After training the models, the model-centric approach 1, model-
centric approach 2, and data-centric approach reached accuracies
of 91%, 90%, and 97%, respectively.

Journal of Emerging Investigators « www.emerginginvestigators.org

20 APRIL 2023 | VOL6 | 2



EMERGING INVESTIGATORS

80% preparing data and 20% developing the model (2). This
is because time should be dedicated to preparing data as the
most effective stage of the process rather than model training
which delivered lower accuracy but consumed more computa-
tional and time resources. Secondly, as choosing and building
a machine learning model no longer accounts for the princi-
pal part, machine learning models are commoditized (8). This
means deep learning can be easily done through a single line
of code: pip install. There exist several ML API services (e.g.,
AWS, Azure, GCE, Clarifai, and Bonsai) and AutoML tools
(e.g., H20.ai, Auto-Keras, and Auto-sklearn) to help ease the
process of applying machine learning. This helps spread the
applications of machine learning and deep learning in various
disciplines, ranging from health care to transportation, manu-
facturing to defense, and agriculture to retail (8). Thirdly, be-
cause data becomes the center of machine learning, various
innovations about data collection, labeling, and management
can be made, resulting in high-growth startups founded like
Snorkel.ai and Scale.ai (9).

One limitation of our study is that there were no null values
in the dataset. Hence, only a moderate difference in terms of
accuracy was observed, not showcasing the ultimate strength
of data-centric Al. Strategies to improve our research include
using more tabular datasets and involving image and text da-
tasets. More tabular datasets could be used to ensure the
results can be generalizable given the limitation of our cur-
rent dataset. And the usage of image and text datasets can
help demonstrate data-centric Al efficiency on different data
formats beyond numeric tabular ones. While data-centric
Al works better than model-centric Al, data-centric Al does
have some limitations. When the data becomes excessively
cleaned after several stages of data preprocessing, some
data points which are not noise may be wrongly classified as
noise and thus removed. This can lead to overfitting and dam-
age the model. Therefore, data preprocessing must be used
within a certain limit to avoid model overfitting.

MATERIALS AND METHODS
Data

The Wisconsin Diagnostic Breast Cancer dataset con-
tains measurements on cells in suspicious lumps removed
from patient breasts (10). These measurements (e.g., radius,
texture, perimeter, area, smoothness etc.), called features
in the dataset, were computed from digitized images of fine
needle aspirates (FNA) of breast masses. The measurements
describe characteristics of the cell nuclei present in each im-
age. All samples are classified as either benign(harmless) or
malignant(harmful). This dataset is a table of 569x32 (row x
column) in which the row represents the data points and the
column represents the features (10).

Tools

A variety of tools were used for this research: Colab,
Scikit-learn, Keras, and Tensorflow (11-13). Google Colabo-
ratory (Colab), which is a product from Google Research, al-
lows users to write and execute arbitrary python code through
the browser, and is especially well suited to machine learn-
ing, data analysis and education. Colab is a hosted Jupyter
notebook service that requires no setup to use, while provid-
ing free access to computing resources including GPUs (14,
15). Scikit-learn (Sklearn) is a free machine learning library
for Python (16). It features various classification, regression

and clustering algorithms and eases machine learning uses.
Keras is an open-source software library that provides a high-
level Python interface for deep learning. Tensorboard is Ten-
sorflow’s visualization toolkit was used to access the perfor-
mance of the models during training.

Model-centric Al approaches

Despite being non-data-centric Al approaches, basic
steps of data preprocessing were required in order to feed the
data accurately into the models. First, all unnecessary col-
umns (e.g., ID, Unnamed) were dropped. Next, as machine
learning models can only understand numeric inputs, diag-
nosis results were converted into numbers by using the func-
tion pandas.get_dummies (17). More specifically, “malignant”
and “benign” were converted into 0 and 1, respectively. After
preprocessing data, there were 30 features (columns) for 569
samples (rows). The data was then randomly split using an
80/20 training/testing paradigm, executed using Scikit-learn’s
train_test_split function.

Deep learning works based on an artificial neural network
(ANN) were created. An ANN is comprised of 3 layers of neu-
rons: the Input Layer, the Hidden Layer(s), and the Output
Layer. As the importance of the input features varies, connec-
tions between neurons in 2 consecutive layers were associ-
ated with a weight. Then, an activation function was applied
to the data to standardize the output of the neuron. Iterating
through the dataset produced a cost function, which demon-
strated the difference between the predicted outputs and the
true outputs. To minimize this cost function, the weights be-
tween neurons were changed using gradient descent after
every iteration (also called an epoch) (18).

All samples were categorized as either malignant or be-
nign, which indicated a binary classification problem. Two
deep learning models (artificial neural networks) would be
used to represent model-centric Al. The neural network of the
model-centric approach 1, built with Tensorflow and Keras,
consisted of five layers. The input layer consisted of 30 nodes
as there were 30 features after data preprocessing. The three
hidden layers consisted of 50, 30, and 20 nodes. The output
layer consisted of 1 node. The model was compiled with the
optimizer Adam and the loss function Binary Crossentropy.
It was then trained with 60 epochs (iterations) to provide the
final accuracy. The neural network of the model-centric ap-
proach 2 was more complicated than that of the model-cen-
tric approach 1, consisting of 7 layers. The input layer con-
sisted of 30 nodes. The hidden layers consisted of 60, 50, 40,
30, and 30 nodes. The output layer consisted of 1 node. The
model was also compiled with the optimizer Adam and loss
function Binary Crossentropy and trained with 60 epochs.

Data-centric Al approach

In the data-centric Al approach, emphasis was placed on
data preprocessing rather than building and training models.
Data preprocessing would contain more steps in addition to
steps of the first approach: outlier detection, feature engineer-
ing, and balancing dataset.

An outlier is an observation that deviates drastically from
other observations in the dataset. Causes include natural
conditions (e.g. Elon Musk’s income for income) and typing
errors (e.g. human’s weight of 1000 kg due to mistyping an ex-
tra 0 for weight). Outliers are detected and dropped by using
Tukey IQR techniques. Defined by Tukey, outliers are values
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more than 1.5 times the interquartile range from the quartiles
(19).

Feature engineering is the process of making changes to
the features of a dataset to improve machine learning model
training. Feature engineering consists of 4 steps: feature cre-
ation, feature transformation (feature scaling), feature extrac-
tion, and feature selection (20).

Usually, in a dataset, there are relationships between fea-
tures (e.g. height may be related to weight). In order to har-
ness these relationships, we can use feature creation, which
involves creating new features by using interactions between
existing ones. A simple two-way interaction is represented
by X3 = X1*X2 where X3 is the interaction between X1 and
X2 where X1 and X2 are 2 different features in the dataset.
Before applying feature creation, there were 30 features in
the dataset. The number of interactions between these 30
features would be 435 (30*29/2). Then, after this step, there
were a total of 465 (435+30) features.

Feature scaling normalizes the range of features of the
data. By feature scaling, the gradient descent converges
smoother, improving the model and reducing the training time
(21). Feature scaling uses a technique called standardiza-
tion, which centers the values around the mean with a unit
standard deviation (21). Standardization does not change the
number of features, which was 465.

Feature extraction reduces redundant data from the data
set, which reduces training time tremendously. Principal com-
ponent analysis (PCA) is used in this step. PCA is a tech-
nique that transforms a dataset of many features into principal
components that summarize the variance that underlies the
data. Each principal component is calculated by finding the
linear combination of features that maximizes variance, while
also ensuring zero correlation with the previously calculated
principal components (22). After applying PCA, the number of
features reduced from 465 to 10.

Feature selection chooses a subset of relevant features
for use in a model construction. Feature selection is differ-
ent from dimensionality reduction. Both methods function to
decrease the number of attributes in the dataset; however,
dimensionality reduction creates new groupings of attributes
whereas feature selection includes and removes attributes
without modifying them (23). Among those 10 features, 8 fea-
tures were selected and remained in the dataset.

In this dataset, there were 282 benign and 173 malignant
samples. As this imbalance could have resulted in model
bias, balancing the dataset was essential. Synthetic Minor-
ity Oversampling Technique (SMOTE) was used. SMOTE
randomly increases minority class examples by replicating
them. SMOTE synthesizes new minority instances between
existing minority instances and produces the virtual training
records by linear interpolation for the minority class (24). After
applying SMOTE, the number of benign samples equaled the
number of malignant samples at 282 samples. The strategy
for splitting the dataset for the data-centric approach was the
same as that of model-centric approaches.

The neural network of the data-centric approach resem-
bled that of the model-centric approach 1, consisting of 5 lay-
ers. The input layer consisted of 30 nodes. The hidden layers
consisted of 50, 30, and 20 nodes. The output layer consisted
of 1 node. The model was also compiled with the optimizer
Adam and loss function Binary Crossentropy but only trained
with 20 epochs.
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