Discoveries Journals

JoublSHinggthe;

ORIGINAL Article

DISCOVERIES 2024, 12(1): e182
DOI: 10.15190/d.2024.1

Empowering healthcare professionals with no-code artificial
intelligence platforms for model development, a practical
demonstration for pathology

Sayed Shahabuddin Hoseini !, Rajan Dewar * *

! Department of Pathology, Westchester Medical Center, 100 Woods Rd, Valhalla, NY 10595, USA

* Corresponding author: Dr. Rajan Dewar, Westchester Medical Center, 100 Woods Road, Valhalla, NY
10595, United States of America, Phone: +1 9144936680, Email: rajan.dewar@wmchealth.org

Submitted: November 21, 2023; Revised: January 02, 2024; Accepted: March 30, 2024; Published: March 30, 2024
Citation: Hoseini SS, Dewar R. Empowering healthcare professionals with no-code artificial intelligence
platforms for model development, a practical demonstration for pathology. Discoveries 2024; 12(1): e182.

DOI: 10.15190/d.2024.1

ABSTRACT

Artificial intelligence (AI) and machine learning
based applications are thought to impact the practice
of healthcare by transforming diagnostic patient
management  approaches. However, domain
knowledge, clinical and coding expertise are likely
the biggest challenge and a substantial barrier in
developing practical Al models. Most informatics and
Al experts are not familiar with the nuances in
medicine, and most doctors are not efficient coders.
To address this barrier, a few “no-code” Al platforms
are emerging. They enable medical professionals to
create Al models without coding skills. This study
examines Teachable Machine™, a no-code Al
platform, to classify white blood cells into the five
common WBC types. Training data from publicly
available datasets were used, and model accuracy was
improved by  fine-tuning  hyperparameters.
Sensitivity, precision, and F1 score calculations
evaluated model performance, and independent
datasets were employed for testing. Several factors
that influence the performance of the model were
tested. The model achieved 97% accuracy in
classifying white blood cells, with high sensitivity
and precision. Independent validation supported its
potential for further development. This is the first
study that demonstrates the value of a free no-code
algorithm based Al platforms use in hematopathology

www.discoveriesjournals.org/discoveries

using authentic datasets for training. It opens an
opportunity for the healthcare professionals to get
hands-on experience with Al and to create practical
Al models without coding expertise.
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INTRODUCTION

In recent years, the field of healthcare has witnessed
the emergence of powerful tools such as artificial
intelligence (AI) and machine learning'. Al has found
applications across various facets of the medical field.
It can transcribe medical notes, produce patient
information summaries, and provide valuable support
to insurance companies and payors in the claims
process. Substantial efforts have been directed
towards integrating Al into the interpretation of
medical images, spanning domains like radiology,
pathology, optometry, and endoscopy. Furthermore,
Al-driven tools are increasingly being employed for
the examination and comprehension of extensive
research databases, encompassing a wide array of
data, from laboratory results to clinical information*
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5. However, developing Al models in these domains
often requires a blend of expertise in both computer
science and medical science. The bottleneck/barrier
is two ways: computer scientists are not familiar with
the nuances of medicine and most physicians and
healthcare professionals do not have a significant
background in computer science®. The new
generation of Al platforms is called the no-code
platforms. They feature an intuitive graphical
interface with simple drag-and-drop functionalities
that empowers beginners to create Al models. A
significant portion of these platforms operates in the
cloud, eliminating the need for installation,
maintenance, and related administrative challenges’.
By leveraging these no-code Al systems, medical
professionals can more easily transform their ideas
into tangible Al models, empowering them to
contribute to the advancements in Al applications
within their fields of expertise.

Nevertheless, no-code Al platforms have received
limited attention from scholars, despite predictions of
their rapid adoption through 20237. One contributing
factor is the limited introduction of these platforms to
healthcare professionals. We believe that a broader
dissemination of practical examples showcasing the
use of no-code Al platforms in medicine, along with
educational papers and workshops targeting the
healthcare professional community, will encourage
widespread engagement in such projects by
healthcare professionals.

In this study, we set out to examine the capabilities
of Teachable Machine, a freely available no-code Al
platform, in classifying peripheral blood cells. Our
focus was on categorizing white blood cells into five
of the most common distinct peripheral blood cell
types:  neutrophils, lymphocytes, monocytes,
eosinophils, and basophils. = Through this
demonstrative study, we propose that a no-code Al
platform can create potential Al models for medical
and pathological applications. These tools may help
transcend the computing-healthcare boundaries and
harness the power of Al to improve patient care.

MATERIAL AND METHODS

Data collection

Training cells were obtained from publicly available
published datasets®!?. These datasets consisted of
images captured using CellaVision machine. No
images were removed from these databases, and the
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data were used as published without modification or
image enhancements.

Model development with Teachable Machine
Teachable Machine is a free online platform by
Google for machine learning projects without a need
for coding experience. It employs TensorFlow js, a
JavaScript machine learning library, to enable users
to train and execute their models directly within their
web browsers. It provides flexibility in adjusting
three key hyperparameters: Epoch, Batch size, and
learning rate. In this study, these parameters were
fine-tuned to enhance the accuracy of the model. Care
was taken to avoid overtraining the model. By default,
the training dataset in Teachable Machine consisted
of 85% of cells from each class for training purposes,
while the remaining 15% were reserved for testing
and evaluation.

To independently assess the performance of the
developed model, additional testing was conducted
using white blood cell images obtained from different
sources”!!.  The sensitivity (recall), precision
(positive predictive value), and F1 score were
calculated to evaluate the model's performance using
the following formulae:

Sensitivity (recall) = True positives / (True positives
+ False negatives);
Precision = True positives / (True positives + False
positives);
F1 score = 2 x (precision X recall) / (precision +
recall).
Overall accuracy = the sum of correctly classified
cells / total number of cells.

The first model is available at
https://teachablemachine.withgoogle.com/models/K
pPUw24d1/

and the enhanced second model is available at
https://teachablemachine.withgoogle.com/models/Vc
8hNMdN1/

A step-by-step visual explanation of how to make an
image classification project on Teachable Machine is
shown in supplementary material 1.

Ethical considerations

We used only publicly available datasets with no
identifiable patient information or protected
healthcare information (PHI) included. Thus, the
study qualifies for exemption from institutional IRB
requirements.
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RESULTS

To create a model for classification of peripheral
white blood cells, we used images derived from
CellaVision and published previously®. Google-based
no-code Teachable Machine was used as an Al
platform to classify the cells. The total number of
cells used for this project was 10298 categorized in 5
classes: neutrophils, lymphocytes, monocytes,
eosinophils, and basophils (Figure 1 and Table 1).

3 Eosinophils
30%

Figure 1. Structure of the dataset used for training the Al
algorithm. The percentage of each cell type in the dataset
is presented in parenthesis.

Table 1. Distribution of specimens by class for
training and test sets

Cell type Total Training Test
samples  samples  samples
Neutrophils 3329 2829 500
Lymphocytes 1214 1031 183
Monocytes 1420 1207 213
Eosinophils 3117 2649 468
Basophils 1218 1035 183

Teachable Machine devides the cells into 85% for
training and 15% for testing the algorithm. This
platform allows adjustment of three so-called
hyperparameters that can change the learning process
of the system: epoch, batch size, and learning rate!2.
An epoch refers to a complete iteration or cycle
through the entire dataset during the training phase of

www.discoveriesjournals.org/discoveries

a machine learning model. It signifies that the model
has processed and learned from all the available
training data once. The default epoch number of the
Teachable machine is 50. Although the accuracy of
the model for the trainning data increased as epoch
increases, the accuracy of the model for the test data
quickly reached a plateu and did not increase further
(Suppl.Figure 1). We tried an epoch of 4 which
resulted in comparable or better accuracy compared
to an epoch of 50 (Suppl.Figure 2) and it also reduced
the time to develop the model. In addition, a higher
number of epochs in machine learning can potentially
lead to overfitting, where the model becomes too
specific to the training data and performs poorly on
unseen data'’. Overfitting occurs when the model
learns not only the general patterns in the data but also
the noise or random variations present in the training
set (memorization). This is reflected in the loss
function, which measures the error or discrepancy
between the predicted outputs of the model and the
actual target values in the training data. As the
number of epochs increased (until an epoch of 4), the
accuracy of the algorithm improved, and the loss
function decreased, indicating a declining error in the
system (Figure 2 and Suppl.Figure 1). However, a
further increase in the number of epochs led to an
increase in loss function (Suppl.Figure 1).
Consequently, the model may fail to generalize well
to new examples. Therefore we adopted an epoch of
4.

The batch size refers to the number of training
examples utilized in a single forward and backward
pass during the training process't. Instead of
processing the entire training dataset at once, the data
is divided into smaller batches, and the model updates
its parameters based on the gradients computed from
each batch. We tested several batch sizes (16, 32, and
64) and observed that a higher batch size for our
dataset does not improve the accuracy of the model
and therefore chose the Teachable Machine default
batch size of 16 (Suppl.Figure 2-4).

The learning rate determines the step size or rate
at which a model's parameters (weights and biases)
are updated during the training process'®. We tested
several learning rates (0.001, 0.0005, and 0.0001) and
observed that a lower learning rate (0.0005 and
0.0001) does not improve the overal accuracy of the
model (Suppl.Figure 2 and Suppl.Figure 5-6). Hence,
we chose the default learning rate of 0.001. The lack
of significant improvement of the model by tweaking
these hyperparameters may be due to the originally
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Figure 2. Confusion matrix, accuracy and loss function for the first Al model. The system hyperparameters is shown
on the top left. The accuracy per class and the confusion matrix show the performance of the Al model on the test set.
The rows of the matrix represent the actual classes, and the columns represent the predicted classes. The diagonal
elements of the matrix show the number of instances that were correctly classified, and the off-diagonal elements show
the number of instances that were misclassified. The accuracy per epoch shows the accuracy of the Al model on the test
set as a function of the number of epochs. The loss per epoch shows the loss of the Al model on the test set as a function

of the number of epochs.

Table 2. Performance metrics of the white blood cell classification AI model

Sensitivit Precision (Positive
Cell type (Recall)y predictiv(e valuey  Ylscore # Samples
Neutrophils 0.98 0.98 0.98 500
Lymphocytes 0.96 0.97 0.97 183
Monocytes 0.94 0.95 0.94 213
Eosinophils 0.98 0.99 0.98 468
Basophils 0.99 0.93 0.96 183

high classification accuracy that maxed out the
outcomes.

Although investigating the effect of hyperparameters
on Al algorithms is not the focus of our study, using
suboptimal parameters with intentionally lower
accuracies could allow assessment of these
parameter’s effect on the algorithms.
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The combination of an epoch of 4, batch size of
16, and learning rate of 0.001 provided a model with
high accuracy, sensitivity (recall), and precision
(positive predictive value) in classifying the cells
(Figure 2 and Table 2). The F1 score is a measure that
combines two fundamental performance metrics,
precision and recall, into a single value providing a
balanced measure of a model's effectiveness. The


http://www.discoveriesjournals.org/discoveries

No-code artificial intelligence platforms for Pathology

Table 3. Performance metrics of the first Al classifier on independent images (test images from reference

10)
Sensitivit Precision (Positive
Cell type (Recall)y predictiv(e value) F1 score # Samples
Neutrophils 0.85 1 0.92 27
Lymphocytes 0.25 1 0.4 12
Monocytes 1 0.52 0.68 27
Eosinophils 0.42 0.83 0.56 24
Basophils 0.85 0.85 0.85 13

models performed well for all five cell types (F1 score
>96%). The performance was slightly lower for
monocytes (F1 score of 0.94).

Since machine learning algorithms learn from the
input information, it is crucial to validate the models
using independent cohorts. For this purpose,
CellaVision-derived images from various sources,
were selected. No cell selection was performed to
ensure an unbiased assessment of the model. The
results showed a sensitivity of approximately 100%
for monocytes and 85% for neutrophils and basophils.
However, the sensitivity for eosinophils and
lymphocytes were 0.42 and 0.25, respectively.
(Figure 3 and Table 3). The overal accuracy of the
model to classify these new cells was 73%.

First model
Prediction
E|l L L|E|=
S 8 8|%|%
=] = c c Q
= = o ‘3 ©
2|5 =|8 | =
P Neutrophilb 33 0 2 2 0
8 Lymphocyte 0 3 7 0 2
Monocyte 0 0- 0 0
Basophil o o 2 o

Figure 3. Confusion matrix for the independent images
tested on the Al model. The confusion matrix shows the
performance of the Al model on a test set of 101 images.
The images were sourced from independent sources and
consisted of 27 neutrophils, 12 lymphocytes, 27
monocytes, 24 eosinophils, and 13 basophils. The diagonal
elements of the matrix show the number of instances that
were correctly classified, and the off-diagonal elements
show the number of instances that were misclassified.
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One aspect about Al algorithms is that they are
dependent on the type of data they are trained with
and the diversity of the training datasets help the
model to perform well with new data. Because the
sensitivity of our Al model for lymphocyte and
eosinophil classification was low, the model was
trained with additional images. For lymphocytes, the
high morphologic diversity necessitates the model to
see more representative examples.

Therefore, we added 10 more lymphocyte images

to the training dataset’. For eosinophils, our training
dataset contained images with bright red eosinophilic
granules but the independent test dataset had
eosinophils with dimmer red granules.
We hypothesize that this may account for poor
sensitivity (0.42). Hence, 24 eosinophil pictures that
contained dimmer granules'® were added to the
images and the model was trained with identical
previous hyperparameters (Figure 4).

This new enhanced model showed similar high
overal accuracy of 97%. To test the effect of new
training dataset images on the Al classification
sensitivity, the first and the enhanced second model
were tested on new independent images'!'¢!7. As
shown in Figure 5 and Table 4, the enhanced second
model when compared to the first model, has higher
sensitivity for classifying lymphocytes (0.6 vs 0.8)
and eosinophils (0.83 vs 1), respectively, reiterating
the importance of a diverse dataset for training Al
algorithms.

Table 4. Sensitivity of the first and second Al
classifier on independent images (test images from
references 11, 16, and 17.

Cell type First Second # Samples
model model

Lymphocytes 0.6 0.8 15

Eosinophils 0.83 1 12
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Figure 4. Confusion matrix, accuracy and loss function for the enhanced second Al model. The system hyperparameters
is identical to those in figure 2, but 10 more lymphocytes and 24 more eosinophils from different sources were added to

the training dataset to increase cell diversity.
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Figure 5. Comparison between the first and the second Al
models for classification of lymphocytes and eosinophils.

DISCUSSION

Our study introduces an innovative approach to
classifying white blood cells, utilizing a no-code Al
model that can be employed by clinicians without
coding expertise. We employed a large dataset
comprising images from freely available published
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databases. The performance of our model in white
blood cell classification demonstrated high sensitivity
and precision. Furthermore, the independent
validation of the model using unseen data allowed
identifying the role of training database diversity on
the Al performance. Importantly, addition of only 10
new lymphocytes to a pool of already 1031
lymphocytes and 24 new eosinophils with slightly
dimmer granule color intensity to a pool of 2649
eosinophils (less than 1% increase in the training cell
pool) greatly improved the sensitivity of the
algorithms when encountered unseen data. To the
best of our knowledge, this study represents the first
use of a freely available no-code Al platforms in the
field of hematopathology and is among the few
published studies exploring the application of a no-
Code platforms in Medicine'®".

Notably, our research excels in utilizing one of the
largest number of distinct white blood cells to train an
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Al model, resulting in highly accurate and precise
classification compared to other models®. While
some methods exist to expand sample sizes by
generating synthetic variants through techniques like
image rotation, contrast alteration, noise induction, or
stretching, these variations are considered semi-
artificial, and although there is some merit in their
use, they lack authenticity as biological variants?!.
Moreover, these synthetic variants, being highly
similar to the original samples, may artificially inflate
the performance metrics of the system. In contrast,
our dataset remained unaltered and comprised over
10,000 unique cells, providing a more representative
foundation for clinical applications.

A few important caveats in this study: we used
images generated by CellaVision machine. Images
made by other scanners or taken by a normal camera
were not included in the training. This is because our
primary goal was to familiarize clinicians and
pathologists with Al platforms and allow them to
have hands-on experience in developing an Al model
with no coding experience and not to generate an all-
inclusive Al platform for clinical applications. This
preliminary and initial study is for demonstration of
the model, and not for identifying abnormal cell
types. Additionally, there are various subtypes within
each cell type that hold significant clinical relevance.
For instance, neutrophils may contain different types
of intracellular granules, or the number of nuclear
segments may differ, which are associated with
specific diseases (e.g., bi-lobed nuclei in Pegler Huet
anomaly and myelodysplastic syndrome, presence of
intracellular  microorganisms in  sepsis and
anaplasma). The complexity of phenotyping these
cells necessitates expert labeling by experienced
technologists or hematopathologists, along with
correlation with other diagnostic findings such as
microbiological tests and flow cytometry. The lack of
a large publicly accessible database encompassing
immature cells or cells with specific phenotypes for
training Al models creates a distinctive research
niche.

The utilization of no-code Al models presents a
unique opportunity for clinicians, radiologists,
pathologists, and other healthcare professionals who
have access to high-quality and expert-labeled
medical information. It allows them to generate
clinically relevant and valuable Al models in their
respective fields of study, aiming to enhance patient
care. In addition to image-based models, no-code
platforms such as Teachable Machine enable the
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creation of models based on audio and postural (pose)
inputs. This opens up exciting possibilities for
employing audio inputs in cardiology, pulmonology,
vascular surgery, prenatology, and speech pathology.
The authors have experience and studied other
platforms in histopathology; however, many of these
domains are not freely available.

In summary, the recent availability and evolution
of no-code Al platforms present an unparalleled
opportunity for medical experts to advance their
unique ideas and create valuable models that may
finally contribute to better patient care.

Acknowledgement

This study was partly presented at the International
Conference of Pathology of the National Institute of
Pathology Victor Babes, Romania, 2023. We thank
Dr. Ali Moeeny from HematoAl for reviewing the
manuscript.

Conflict of Interest

The authors declare no conflicts of interest.

Ethical consideration: Publicly available database
and image sources exempt from Ethics committee
review and approval were used. No patient
identifiable samples were used; publicly available
datasets used. Consent exempted.

References

1. Buch, V.H., I. Ahmed, and M. Maruthappu, Artificial
intelligence in medicine: current trends and future
possibilities. Br J Gen Pract, 2018. 68(668): p. 143-144.

2. Haug, C.J. and J.M. Drazen, Artificial Intelligence and
Machine Learning in Clinical Medicine, 2023. N Engl
J Med, 2023. 388(13): p. 1201-1208.

3. Rajpurkar, P., et al.,, Al in health and medicine. Nat
Med, 2022. 28(1): p. 31-38.

4. Gomes, B. and E.A. Ashley, Artificial Intelligence in
Molecular Medicine. N Engl J Med, 2023. 388(26): p.
2456-2465.

5. Rajpurkar, P. and M.P. Lungren, The Current and
Future State of Al Interpretation of Medical Images. N
Engl J Med, 2023. 388(21): p. 1981-1990.

6. Jennings, M.R., et al.,, Code-free cloud computing
service to facilitate rapid biomedical digital signal
processing and algorithm development. Comput
Methods Programs Biomed, 2021. 211: p. 106398.

7. Sundberg, L. and J. Holmstrom, Democratizing
artificial intelligence: How no-code Al can leverage
machine learning operations. Business Horizons, 2023.

8. Acevedo, A., etal., A dataset of microscopic peripheral
blood cell images for development of automatic
recognition systems. Data Brief, 2020. 30: p. 105474.


http://www.discoveriesjournals.org/discoveries

No-code artificial intelligence platforms for Pathology

10.

11.

12.

13.

14.

15.

16.

Marionneaux, S. and L. Smith, Digital imaging of
peripheral  blood identifies atypical chronic
lymphocytic leukemia. Blood, 2014. 124(17): p. 2748.
Feder, K.J.; Available from (Accessed on August 24th,
2023):
https://deepblue.lib.umich.edu/bitstream/handle/2027.
42/170681/KaticFeder 3.pdf?sequence=3.
Kouzehkanan, Z.M., et al., A large dataset of white
blood cells containing cell locations and types, along
with segmented nuclei and cytoplasm. Sci Rep, 2022.
12(1): p. 1123.

Yu, T. and H. Zhu, Hyper-parameter optimization: A
review of algorithms and applications. arXiv preprint
arXiv:2003.05689, 2020.

Afaq, S. and S. Rao, Significance of epochs on training
aneural network. Int. J. Sci. Technol. Res, 2020. 9(06):
p. 485-488.

Takase, T., Dynamic batch size tuning based on
stopping criterion for neural network training.
Neurocomputing, 2021. 429: p. 1-11.

Wilson, D.R. and T.R. Martinez. The need for small
learning rates on large problems. in IJCNN'01.
International Joint Conference on Neural Networks.
Proceedings (Cat. No. 01CH37222). 2001. IEEE.
Hematology Case Study: Is it Pelger-Huét anomaly or
Pseudo Pelger-Huét? Laboratory 2020; Available from
(Accessed on August 24th, 2023):
https://labmedicineblog.com/2020/10/28/hematology-
case-study-is-it-pelger-huet-anomaly-or-pseudo-
pelger-huet/.

www.discoveriesjournals.org/discoveries

17.

18.

19.

20.

21.

HematologyOutlines - Atlas, (n.d.). 2023; Available
from (Accessed on  August 24th, 2023):
http://hematologyoutlines.com/atlas_topics/141.html.
Forchhammer, S., et al., Development of an Image
Analysis-Based Prognosis Score Using Google's
Teachable Machine in Melanoma. Cancers (Basel),
2022. 14(9).

Byun, H., et al., Feasibility of the Machine Learning
Network to Diagnose Tympanic Membrane Lesions
without Coding Experience. J Pers Med, 2022. 12(11).
Jung, C., et al., WBC image classification and
generative models based on convolutional neural
network. BMC Med Imaging, 2022. 22(1): p. 94.
Wang, Y. and Y. Cao, Human peripheral blood
leukocyte classification method based on convolutional
neural network and data augmentation. Med Phys,
2020.47(1): p. 142-151.

This article is an Open Access article distributed under the
terms of the Creative Commons Attribution License, which
permits unrestricted use, distribution, and reproduction in
any medium, provided the original work is properly cited
and it is not used for commercial purposes; 2024, Hoseini
et al., Applied Systems and Discoveries Journals.


http://www.discoveriesjournals.org/discoveries
https://labmedicineblog.com/2020/10/28/hematology-case-study-is-it-pelger-huet-anomaly-or-pseudo-pelger-huet/
https://labmedicineblog.com/2020/10/28/hematology-case-study-is-it-pelger-huet-anomaly-or-pseudo-pelger-huet/
http://hematologyoutlines.com/atlas_topics/141.html

