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Introduction : 
Why ML in Healthcare?

• Reduce the workload of physician
• Lack of a trained workforce and medical device (especially in rural area)
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Source: 
- Resnikoff S, Felch W, Gauthier T-M, Spivey B. The number of ophthalmologists in practice and training worldwide: a growing gap despite more than 
200 000 practitioners. British Journal of Ophthalmology. 2012;96(6):783- 7.
- Rethy K. Chhem KMH, Teresa van Deven. Radiology Education: The Scholarship of Teaching and Learning2009.
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Introduction : 
Why ML in Healthcare?

• Biomedical images : X-ray, CT scan, Ultrasound, MRI

Source: https://mc.ai/an-introduction-to-biomedical-image-analysis-with-tensorflow-and-dltk/

These images are 
interpreted by domain 
experts (e.g. a 
radiologist) for clinical 
tasks (e.g. a diagnosis) 
and have a large impact 
on decision making of 
physicians.

However, as you see 
most of medical image 
is greyscale and human 
eye cannot distinguish 
all different shades of 
grey.



Liver Hemangioma Ultrasound

Sonogram showing an atypical, echo-poor hemangioma in the 
lateral segment of the left lobe of the liver. The hepatic 
parenchyma is diffusely echogenic, in keeping with fatty 
infiltration. 

Source: Marsh JI, Gibney RG, Li DK. Hepatic hemangioma in the presence of fatty infiltration: an atypical sonographic appearance. Gastrointestinal 
radiology. 1989 Dec 1;14(1):262-4.

Non Fatty Liver



Introduction : 
Why ML in Healthcare?

• Surpassing Human-Level Performance of Modern ML
• Image Classification

Source: https://ailephant.com/computer-vision-convolutional-neural-networks/



ImageNet Classification

• ImageNet Large Scale Visual 
Recognition Challenge, 
or ILSVRC.
• Consisting of 1000 classes and 

over 1.5 million images
• It was designed by academics 

intended for computer vision 
research.



Source: Verhelst, Marian and Bert Moons. “Embedded Deep Neural Network Processing: Algorithmic and Processor Techniques Bring Deep Learning to IoT and Edge Devices.”
IEEE Solid-State Circuits Magazine 9 (2017): 55-65.

Figure: The classification results of the ImageNet challenge



Isn’t human accuracy 100%? 

Source: https://www.technologyreview.com/s/530561/the-revolutionary-technique-that-quietly-changed-machine-vision-forever/
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Introduction : 
Why ML in Healthcare?

Source: https://timmccloud.net/blog-review-senet%E2%80%8A-%E2%80%8Asqueeze-and-excitation-network-winner-of-ilsvrc-2017-image-classification/



Deep Learning on ImageNet 

Source: https://www.youtube.com/watch?v=6AVej4i98B0&list=PLm-cWa09smZ4rderj4XF0hE4gvO-TNV7X&index=11&t=0s



Predicting lung cancer

Source: https://www.blog.google/technology/health/lung-cancer-prediction/

For an asymptomatic patient with no history of cancer, 
the AI system reviewed and detected potential lung 
cancer that had been previously called normal.

“When using a single CT scan for diagnosis, our model 
performed on par or better than the six radiologists 
(U.S. board-certified radiologists). We detected five 
percent more cancer cases while reducing false-positive 
exams by more than 11 percent compared to unassisted 
radiologists in our study. Our approach achieved an AUC 
of 94.4 percent (AUC is a common common metric used 
in machine learning and provides an aggregate measure 
for classification performance).”

Shravya Shetty, M.S.
Technical Lead, Google Health
Published May 20, 2019



Healthcare Task

Source: http://bit.ly/2BXF5sR 



Introduction : 
Why ML in Healthcare?

Summary
• Reduce the workload of physician
• Limitation of Human Perception

• Medical images are interpreted by domain experts (e.g. a radiologist) for clinical tasks (e.g. a 
diagnosis) and have a large impact on decision making of physicians. However, most of medical 
image is greyscale and human eye cannot distinguish all different shades of grey. (And also in RGB 
color space)

• Modern Machine Learning now has already surpassed the human-level 
performance. 
• In December 2012 was the first time of using a Deep learning approach based on a convolutional 

neural network (CNN) for the image classification ImageNet challenge. And in 2015, it can 
overcome the human-level performance, which lower than the 5% error. 

Source: Russakovsky O, Deng J, Su H, Krause J, Satheesh S, Ma S, Huang Z, Karpathy A, Khosla A, Bernstein M, Berg AC. 
Imagenet large scale visual recognition challenge. International journal of computer vision. 2015 Dec 1;115(3):211-52.



Introduction : 
Example ML in Healthcare?

• Google has developed a machine learning algorithm to help identify 
cancerous tumors on mammograms.
• Stanford is using a deep learning algorithm to identify skin cancer.
• A recent JAMA article reported the results of a deep machine-learning 

algorithm that was able to diagnose diabetic retinopathy in retinal 
images. 
• It’s clear that machine learning puts another arrow in the quiver of 

clinical decision making.
• Researchers at IBM estimate that medical images currently account 

for at least 90 percent of all medical data, making it the largest data 
source in the healthcare industry.

Source: https://www.healthcatalyst.com/clinical-applications-of-machine-learning-in-healthcare

https://www.mercurynews.com/2017/03/03/google-computers-trained-to-detect-cancer/
https://news.stanford.edu/2017/01/25/artificial-intelligence-used-identify-skin-cancer/
https://jamanetwork.com/journals/jama/article-abstract/2588763
http://www.healthcare-informatics.com/news-item/analytics/ibm-unveils-watson-powered-imaging-solutions-rsna


Introduction : 
Example ML in Healthcare?

• 1. ML IN HEALTHCARE FOR IMAGING AND DIAGNOSIS
• 2. ML IN HEALTHCARE FOR DATA COLLECTION AND FOLLOW-UPS
• 3. ML IN HEALTHCARE FOR RADIOLOGY AND RADIOTHERAPY
• 4. ML IN HEALTHCARE FOR DRUG DISCOVERY AND EXPERIMENTS
• 5. ML IN HEALTHCARE FOR SURGERIES

Source: https://www.allerin.com/blog/5-interesting-applications-of-ml-in-healthcare
https://www.entrepreneur.com/article/341626

https://www.allerin.com/blog/5-interesting-applications-of-ml-in-healthcare
https://www.entrepreneur.com/article/341626


Introduction :
3 goals of this paper 

• (1) to emphasize the importance of proper machine learning 
model validation and highlight any differences in this process 
relative to the validation of more traditional methods of 
statistical model development.

• (2) to review the basics of machine learning.

• (3) to review how machine learning models should be 
implemented in clinical medicine. 
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Overview of 
Machine Learning (ML)

• ML methods use mathematical operations to process input data, 
resulting in a prediction. 
• Traditional regression techniques : Logistic Regression

• Less parameter.
• Can calculate diagnostic score and explainable.
• Sometimes too simple to capture complex relationship between variable.

• Modern ML methods : Deep Learning
• Mimics behavior of the brain.
• Greater numbers of mathematical operations and parameter (millions of 

parameters)
• Can handle extremely complex tasks.
• Almost impossible to understand predictions.



Overview of 
Machine Learning (ML)



Overview of 
Machine Learning (ML)

Source: https://www.kdnuggets.com/2017/07/rapidminer-ai-machine-learning-deep-learning.html
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Development of Machine 
Learning Models

Source: https://www.datasciencesociety.net/the-zencodeo-case-uniquely-identify-companies/



CRISP-DM



How Is the Specific Machine 
Learning Method Chosen? 

Source: https://towardsdatascience.com/machine-learning-algorithms-in-laymans-terms-part-1-d0368d769a7b



How Is the Specific Machine 
Learning Method Chosen? 

Source: IBM



Choosing the right estimator



Pros and Cons of ML



How Is the Specific Machine 
Learning Method Chosen? 

Source: https://data-flair.training/blogs/types-of-machine-learning-algorithms/

- identifying when 
retinopathy is present 
in a fundus photograph
- detecting diabetic 
retinopathy in retinal 
fundus images 
- identify skin cancer
- identify cancerous 
tumors on mammograms.



Data Preparation

Modeling

Evaluation



How Much Data Are Required for 
Recent Machine Learning Methods?

• For simple ML methods (regression) 
• 5 to 10 observations per input variable (feature) have been recommended.

• For developing accurate deep-learning models
• It really depends on the problem. More is always better. But there are some 

rules of thumb you can use:
• At a bare minimum, collect around 1000 observations.
• For most "average" problems, you should have 10,000 - 100,000 examples.
• For “hard” problems like machine translation, high dimensional data generation, 

or anything requiring deep learning, you should try to get 100,000 - 1,000,000 
examples.

• The more complex the problem, the more data you need.

Data Preparation



Methods for simulating new data 

Data Preparation



Split Dataset

Source: https://www.datavedas.com/holdout-cross-validation/

Tuning/Dev set Validation setTraining set

Data Preparation



Logistic Regression 
and Deep Learning

In machine learning, we call “one logistic function = one node”
Modeling



Logistic Regression 
and Deep Learning

Age 

Gender

BP

Disease?

In machine learning, we call 
“one logistic classifier = one node”

(Node or Neuron or Perceptron)

Modeling



Logistic Regression 
and Deep Learning

Modeling



Source: Bagula A, Mandava M, Bagula H. A framework for healthcare support in the rural and low income areas of the developing world. Journal of Network and 
Computer Applications. 2018 Oct 15;120:17-29.

Modeling



Deep Learning

Modeling



Deep Learning framework.

Source: https://www.blog.google/technology/health/lung-cancer-prediction/ Modeling



Mass detection and Classification 

Source: Gardezi SJ, Elazab A, Lei B, Wang T. Breast cancer detection and diagnosis using mammographic data: Systematic review. 
Journal of medical Internet research. 2019;21(7):e14464.

Modeling



Segmentation and Classification

Source: Gardezi SJ, Elazab A, Lei B, Wang T. Breast cancer detection and diagnosis using mammographic data: Systematic 
review. Journal of medical Internet research. 2019;21(7):e14464.

An overview of conditional generative adversarial network adapted from the study by Singh et al for mass 
segmentation and shape classification. CNN: convolutional neural network. 

Modeling



Terminology Associated With 
Machine Learning Methods 

• Feature: Features are the input variables to a ML model. 
• For example, when developing a model predicting stroke risk, a feature would be 

a patient’s height or weight. 

• Hyperparameter: is a parameter whose value is set before the learning 
process begins.
• Label: The label identifies what a collection of data (the model input) 

represents. 
• For a stroke model, it would be stroke present or absent. 

• Parameter: (Model Parameters) are the internal values of a machine 
learning model that are derived based on the training data. 
• For example, the parameters in logistic regression include the weights that are 

multiplied with each input variable as part of the regression equation. 



Terminology Associated With 
Machine Learning Methods 

• Training: The process of adjusting model parameters in a machine 
learning model to best match the model output with the reference 
standard label in the training set. 
• Tuning: The process of adjusting the hyperparameters of a trained model 

to increase the model’s fit to the tuning set. 
• When tuning a machine learning model, hyperparameters are repeatedly 

adjusted, each time training a new machine learning model on the training set 
and evaluating that machine learning model on the tuning set. The optimal 
hyperparameter configuration is typically the configuration that leads to the best 
tuning set accuracy. 



Hyperparameter & Parameter

Source: https://www.slideshare.net/AliceZheng3/evaluating-machine-learning-models-a-beginners-guide Modeling



Modeling



The learning equation 

Learning = training + testing + tuning 

Modeling



K-Fold CROSS-VALIDATION

Source: http://docs.h2o.ai/driverless-ai/latest-stable/docs/userguide/internal-validation.html Modeling



Cross-validation on Wikipedia

• Cross-Validation is the process of assessing how the results of a 
statistical analysis will generalise to an independent dataset.
In a prediction problem, a model is usually given a dataset of known 
data on which training is run (training dataset), and a dataset 
of unknown data (or first seen data) against which the model is tested 
(called the validation dataset or testing set). The goal of cross-
validation is to define a dataset to “test” the model in the training 
phase (i.e., the validation set), in order to limit problems 
like overfitting, give an insight on how the model will generalize to an 
independent dataset.

Modeling



Modeling



How Does Regularization Influence 
Machine Learning Model Development?

• Regularization is a technique similar to curve smoothing. 
• The word regularize means to make things regular or acceptable.
• Regularizations are techniques used to reduce the error by fitting a function 

appropriately on the given training set and avoid overfitting.
• Example method of regularization 

• Data Augmentation
• Early Stopping 
• Ensemble 
• Fine-Tuning, Pre-initialization, Warm Start 
• Parameter Regularization: (L1 (lasso) , L2 (ridge), elastic net, weight decay)

Source: https://towardsdatascience.com/regularization-an-important-concept-in-machine-learning-5891628907ea Modeling
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What is Overfitting?

Source: https://prabhusiddarth.wordpress.com/2018/09/11/underfitting-and-overfitting-in-machine-learning/
https://towardsdatascience.com/underfitting-and-overfitting-in-machine-learning-and-how-to-deal-with-it-6fe4a8a49dbf

Regression

Classification

Evaluation



Underfitting and Overfitting

• Underfitting: training and test error are both high
• Model does an equally poor job on the training and the test set
• The model is too ”simple” to represent the data or the model is not trained 

well

• Overfitting: Training error is low but test error is high
• Model fits irrelevant characteristics (noise) in the training data
• Model is too complex or amount of training data is insufficient
• Overfitting is a scenario in which a machine learning model is trained to 

predict the training data too well, such that it does not generalize to new data 
sets. 

Source: https://slideplayer.com/slide/17042571/

”Overfitting means that the model is trained too well on the training set 
and starts to follow the noise in the data.” 

Evaluation



How to handle 
underfitting & overfitting?

• Properly evaluating your model on new/unseen data will improve the 
generalizability of the model. We differentiate between internal 
validation, where the data set is split into a training set for model 
generation and a test set for model validation, and external 
validation, where the complete dataset is used for model generation 
and separate/other datasets are available for model validation. 

Evaluation



Sometime we call tuning set is validation set and call validation set is testing set instead.



Source: Dankers FJWM, Traverso A, Wee L, et al. Prediction Modeling Methodology. 2018 Dec 22. In: Kubben P, Dumontier M, 
Dekker A, editors. 
Fundamentals of Clinical Data Science [Internet]. Cham (CH): Springer; 2019. Fig. 8.3, [The bias-variance tradeoff. With increased...].
Available from: https://www.ncbi.nlm.nih.gov/books/NBK543534/figure/ch8.Fig3/doi: 10.1007/978-3-319-99713-1_8

Evaluation



Evaluation



Validation of Machine 
Learning Models 

• Using High Quality Reference Standard

• For precise estimation of model and human performance to support model 
performance claims. 

• Determination of the reference standard often requires subjective clinical 
judgement, which results in intrarater and interrater variability. 
• Can be reduced by adjudication by a panel of experienced experts. 

Evaluation



Validation of Machine 
Learning Models 

• Are the Results Unexpected? 

• Given sufficient high-quality training data and appropriate tuning, recent 
machine learning models can generally classify images with performance 
comparable with humans. 

• In fact, machine learning methods can only be as good as the information in 
the training set and it should not be able to exceed the performance of 
extremely careful and experienced clinicians who have been given sufficient 
time to make a decision.

Evaluation



Validation of Machine 
Learning Models 

However ….
• The diagnostic performance of clinicians is limited by interrater and 

intrarater variability that results from factors such as subjectivity of 
image interpretation (eg, assessment of lesion size or severity), 
fatigue from grading many images or large images, and particularly in 
real clinical scenarios, limited time to assess the image. 

Evaluation



Advantages of ML methods

•Major advantages of machine learning methods 
• Absolute consistency in performance (Always get the 

same result)
• No variability due to fatigue or external factors and by 

extension, the ability to exhaustively review every part of large 
images. 

• Can detect small changes 
• the numerical precision of computer approaches may be 

advantageous for tracking subtle changes such as lesion size 
over time. 
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Considerations for Clinical 
Implementation 

• Whereas decision rules can be applied by consulting a risk table, 
calculator, or even mental counting of risk factors, machine learning 
methods require computer programs. 
• Using local computer or remotely in the “cloud” for ML computation 
• Be careful about patient privacy.

• Measuring and Monitoring Clinical Effect 
• patient outcomes and costs. 
• detect unexpected problems that may arise from changes in practice or pa-

tient populations. 
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Conclusions

• Machine learning is not new in medicine and has been used produc-
tively in simpler incarnations as clinical decision rules. 
• Readers should assess the study design over-represents model 

performance through inappropriate hyperparameter tuning or a poor-
quality reference standard. 
• The machine learning model has to be validated on an independent 

data set not used for training or tuning the model. 
• One of the biggest strengths of machine learning models is 

consistency and the lack of fatigue. 
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Data Augmentation



3 Myths About Machine 
Learning in Health Care

• Myth 1: Machine learning can do much of what doctors do.
• Fact:

• The ML output still must be analyzed by someone with domain knowledge; 
otherwise, trivial data may be interpreted as essential and essential data as 
trivial. These relationships then have to be translated to actionable clinical 
management.

• Patients often have concerns or apprehensions about undergoing treatment. 
Doctors need to incorporate the patient’s mental state, expectations, past 
history, and cultural factors into shared decision making with the patient and 
their family.

Source: https://hbr.org/2019/11/3-myths-about-machine-learning-in-health-care



3 Myths About Machine 
Learning in Health Care

• Myth 2: “Big data” + brilliant data scientists are always a recipe for 
success.
• Fact:

• More data is better, but only if it is the right data and we fully understand it.
• It is important to have domain experts who understand how to think about 

the models and output.
• In some cases, an ML-plus-human approach works best.

Source: https://hbr.org/2019/11/3-myths-about-machine-learning-in-health-care



3 Myths About Machine 
Learning in Health Care

• Myth 3: Successful algorithms will be adopted and utilized.
• Fact:

• Unfortunately, many powerful algorithms are not adopted or utilized because 
they are not integrated into the workflow of potential users.

• Physicians were too busy to exit the EHR, open the app, enter information 
into it, and then return to using the EHR.

• Susan Devore, the CEO of Premier, an analytics company that serves health 
care providers, has noted that “the biggest gap in decision support tools is 
incorporating them into EHR workflow.”

Source: https://hbr.org/2019/11/3-myths-about-machine-learning-in-health-care


