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Artificial intelligence is gradually changing the landscape 
of healthcare and biomedical research. In the Aravind Eye 
Care System in India, ophthalmologists and computer sci-

entists are working together to test and deploy an automated image 
classification system to screen millions of retinal photographs of 
diabetic patients1. Diabetic retinopathy (DR) affects more than 
90 million people worldwide and is a leading cause of blindness in 
adults2. Fundus photography is an effective method to monitor the 
extent of DR and to identify patients who will benefit from early 
treatments3. However, in many parts of the world, there are too few 
ophthalmologists to read the fundus photographs and to follow up 
with each diabetic patient4. A team of researchers at Google Inc. 
and collaborating institutions showed that an AI system trained 
on thousands of images can achieve physician-level sensitivity and 
specificity in diagnosing referable DR5, as well as in identifying pre-
viously unrecognized associations between image patterns in the 
fundus photograph and cardiovascular risk factors6. The technology 
giant is now integrating this AI technology into clinical practice in 
a chain of eye hospitals in India1, and a related technology devel-
oped by University of Iowa was approved by the US Food and Drug 
Administration (FDA) for detecting moderate-to-severe DR7.

AI has recently re-emerged into the scientific and public con-
sciousness, as new breakthroughs and technologies are announced 
from technology companies and scientists at a breakneck pace. 
Stripped of its science-fictional ornamentation and aspirations, 
AI is, at its core, a branch of computer science that attempts to 
both understand and build intelligent entities, often instantiated 
as software programs8. AI has a long history that traces its roots 
back to a conference at Dartmouth in 1956, where the term was 
used for the first time8. The successful development of image clas-
sifiers since 2012 has contributed to the recent resurgence of AI9. 
Although much progress has been made in the past decades, AI 
has suffered from an inconsistent and evolving definition as to 
what exactly constitutes ‘real AI’. It is a well-recognized property 
of AI research that success in reaching a specific performance goal 
soon disqualifies that performance as constituting AI, which makes 
tracking progress difficult. As an illustration, automated route 
planners were touted as examples of advanced AI in the 1970s, yet 
are now so ubiquitous that most people would be surprised to hear 
them described as AI10. Consequently, the successes of AI from the 
1970s through the 1990s that were once heralded as breakthroughs 
in medicine, such as the automated interpretation of electrocar-
diograms (ECGs)11, are now regarded as useful but are hardly  
considered to be examples of true AI.

Recently, applications of medical-image diagnostic systems 
have expanded the frontiers of AI into areas that were previously 
the domain of human experts. This frontier continues to expand 
into other areas of medicine, such as clinical practice12, translational 
medical research13–16 and basic biomedical research17 (Table 1). In 
this Review Article, we focus on the AI applications that could aug-
ment or change clinical practice, offer a historical perspective on AI 
in medicine to contextualize recent advancements, summarize the 
successful application areas, identify the potential societal impact 
arising from the development and deployment of biomedical AI 
systems, and suggest future research directions. For a glossary of 
key terms, see Box 1.

A historical overview of AI in medicine
Medicine was identified early as one of the most promising applica-
tion areas for AI. Since the mid-twentieth century, researchers have 
proposed and developed many clinical decision support systems18,19. 
Rule-based approaches saw many successes in the 1970s20,21, and 
have been shown to interpret ECGs11, diagnose diseases22, choose 
appropriate treatments23, provide interpretations of clinical reason-
ing24 and assist physicians in generating diagnostic hypotheses in 
complex patient cases25. However, rule-based systems are costly to 
build and can be brittle, as they require explicit expressions of deci-
sion rules and require human-authored updates, just like any text-
book. In addition, it is difficult to encode higher-order interactions 
among different pieces of knowledge authored by different experts, 
and the performance of the systems is limited by the comprehen-
siveness of prior medical knowledge26. Moreover, it was difficult to 
implement a system that integrates deterministic and probabilistic 
reasoning to narrow down relevant clinical context, prioritize diag-
nostic hypotheses, and recommend therapy27.

Unlike the first generation of AI systems, which relied on the 
curation of medical knowledge by experts and on the formulation 
of robust decision rules, recent AI research has leveraged machine-
learning methods, which can account for complex interactions28, 
to identify patterns from the data. According to the types of task 
that they intend to solve28, basic machine-learning algorithms fall 
roughly into two categories: supervised and unsupervised. Supervised 
machine-learning methods work by collecting a large number of 
‘training’ cases, which contain inputs (such as fundus photographs) 
and the desired output labels (such as the presence or absence of DR). 
By analysing the patterns in all of the labelled input–output pairs, the 
algorithm learns to produce the correct output for a given input on 
new cases29. Supervised machine-learning algorithms are designed to 
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identify the optimal parameters in the models to minimize the devia-
tions between their predictions for the training cases and the observed 
outcomes in these cases, with the hope that the identified associa-
tions are generalizable to cases not included in the training dataset. 
The generalizability of the model can be estimated by the test set (Fig. 
1a). Classification, regression and characterization of the similarity 
among instances of similar outcome labels are among the most widely 
used tasks of supervised machine-learning models. Unsupervised 
learning infers the underlying patterns in unlabelled data to find 
sub-clusters of the original data, to identify outliers in the data, or to 
produce low-dimensional representations of the data (Fig. 1b). Note 
that the identification of low-dimensional representations for labelled 
instances could be more effectively achieved in a supervised fashion. 
Machine-learning methods enable the development of AI applications 
that facilitate the discovery of previously unrecognized patterns in the 
data without the need to specify decision rules for each specific task 

or to account for complex interactions among input features. Machine 
learning has thus become the preferred framework for building  
AI utilities28,30.

The recent renaissance in AI has to a large extent been driven by 
the successful application of deep learning — which involves train-
ing an artificial neural network with many layers (that is, a ‘deep’ 
neural network) on huge datasets — to large sources of labelled data. 
Since 2012, deep learning has shown substantial improvements in 
image classification tasks9. Figure 2 shows a sampling of deep neural 
network architectures (there are also automated approaches to net-
work architecture design31). The basic architecture of deep neural 
networks consists of an input layer and an output layer, and a num-
ber of hidden layers in between. Perceptron and feedforward neural 
networks are among the simplest designs (Fig. 2a,b). Autoencoders 
are used for dimension reduction, whereas sparse autoencoders can 
generate additional useful features (Fig. 2c,d). Recurrent neural 
networks are useful for handling time-series data (Fig. 2e). Deep 
residual neural networks have improved the traditional deep feed-
forward neural network by allowing skip connections, avoiding the 
saturation of model performance32,33 (Fig. 2f,g).

Many modern neural networks have more than 100 layers. 
Neural networks with many layers can model complex relations 
between the input and output but may require more data, computa-
tion time or advanced architecture designs so as to achieve optimal 
performance. Many types of layers, mathematical operations for the 
neurons and regularization methods have been designed (Table 2). 
For example, convolutional layers are useful for extracting spatial 
or temporal relations, whereas recurrent layers use circular con-
nections to model temporal events. Also, various initialization and 
activation functions can enhance model performance. The combi-
nation of these components enables neural networks to handle vari-
ous input data with and without spatial or temporal dependence.

Modern neural networks can have tens of millions to hundreds 
of millions of parameters and take huge amounts of computational 
resources to train. Fortunately, recent advances in computer-pro-
cessor design provide the computational power required for deep 

Table 1 | A non-exhaustive list of current and potential AI 
applications in medicine

Basic biomedical 
research

Translational 
research

Clinical practice

Automated experiments Biomarker discovery Disease diagnosis

Automated data 
collection

Drug–target 
prioritization

Interpretation of 
patient genomes

Gene function annotation Drug discovery Treatment selection

Prediction of transcription 
factor binding sites

Drug repurposing Automated surgery

Simulation of molecular 
dynamics

Prediction of 
chemical toxicity

Patient monitoring

Literature mining Genetic variant 
annotation

Patient risk 
stratification for 
primary prevention

Box 1 | A glossary of key terms

Artificial intelligence. A branch of computer science that at-
tempts to both understand and build intelligent entities, often in-
stantiated as software programs8.

Deep learning. A subfield of the larger discipline of machine 
learning. Deep learning employs artificial neural networks with 
many layers to identify patterns in data32.

Dimensionality reduction. The process of reducing the 
number of variables in the data. The raw data can contain a 
great number of redundant and non-informative variables. 
For example, nearby pixels of an image may be of similar or 
identical colour. By reducing the number of variables, statistical 
analyses can be conducted more effectively and sophisticated 
machine-learning models developed without running out of 
computer memory.

Feedforward neural network. A type of artificial neural network 
in which neural layers only connect to the next layer and do not 
form cycles.

Floating-point operations per second (FLOPS). A measure of 
computation performance. In computers, numbers with decimal 
points are represented as ‘floating-point numbers’. FLOPS 
measures the number of floating-point arithmetic operations that 
a computer system can complete per second; the larger the value, 
the more powerful the computer system is.

Graphical processing unit (GPU). Computer hardware initially 
designed to handle computational tasks related to images and to 
produce outputs to display devices. Since modern GPUs have many 
computation cores and can provide fast parallel computation, 
they have become the workhorses for training artificial neural 
networks.

Machine learning. A field of computer science that uses algorithms 
to identify patterns in data151.

Perceptron. A binary classifier developed in the 1950s. It classifies 
samples by using the following function: given an input vector x, 
the output is 1 if w · x +​ b >​ 0, where w and b are two vectors of 
parameters; otherwise, the output is 0.

Supervised machine learning. A type of machine-learning task 
that aims at predicting the desired output (such as the presence 
or absence of DR) on the basis of the input data (such as fundus 
photographs). Supervised machine-learning methods work by 
identifying the input–output correlation in the ‘training’ phase 
and by using the identified correlation to predict the correct 
output of the new cases.

Unsupervised machine learning. A type of machine-learning task 
that aims at inferring underlying patterns in unlabelled data. For 
example, it can find sub-clusters of the original data, identify outliers 
in the data, or produce low-dimensional representations of the data.
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learning. As an illustration, current graphical processing units 
(GPUs) can perform more than 7 trillion floating-point operations 
per second. Any such GPU, which would have ranked among the 
fastest 100 supercomputers in the world in 2006 (ref. 34), is capable 
of processing hundreds of millions of medical images per day at 
relatively low cost35. By harnessing computation power, large datas-
ets and ‘convolutional’ neural networks (CNNs), deep learning has 
transformed not just medical-image analysis, but the whole field of 
computer vision. CNNs use a special type of layer (that is, a con-
volutional layer) to summarize and transform clusters of pixels in 
images to extract high-level features. Before the advent of CNNs, 
features from the images had to be defined and extracted36, and the 
performance of the machine-learning models depended on the qual-
ity of features. In CNNs, a key improvement is that they can operate 
on the raw image and learn useful features from the training sets, 
thus simplifying the training process and facilitating the identifica-
tion of image patterns. CNNs have proven crucial to the success of 
deep learning in image analysis and are also responsible for the sub-
sequent revolution in medical imaging. There is an on-going com-
munity effort to compile neural network applications in biology and 

medicine37. Table 3 summarizes the performance, reproducibility, 
comprehensibility, dependency on prior knowledge, development, 
running costs, update costs and around-the-clock availability for 
human practitioners and for different types of AI approaches.

However, deep-learning algorithms are extremely ‘data hungry’ 
for labelled cases. Only recently, large sources of medical data that 
can be fed into these algorithms have become widely available, owing 
to the establishment of many large-scale studies (in particular, the 
Cancer Genome Atlas38 and the UK Biobank39), data-collection plat-
forms (such as the Broad Bioimage Benchmark Collection40 and the 
Image Data Resources41) and the Health Information Technology 
for Economic and Clinical Health (HITECH) Act, signed in 2009. 
The HITECH Act provided financial incentives for the adoption 
of electronic health records (EHRs). In a national survey in 2008, 
only 13% of physicians reported having a basic EHR system42; by 
the end of 2012, 72% of physicians had adopted some type of EHR 
system and 40% of physicians reported having capabilities that met 
the criteria for a basic system43. The increasing adoption of EHR 
systems has not only expedited the collection of large-scale clini-
cal data, but also permits smoother integration of AI systems into 
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Fig. 1 | Supervised and unsupervised machine learning. a, General workflow of supervised machine-learning approaches. First, training and test datasets 
are collected. Next, part of the training set is used to build the prediction model, and the other part to tune and validate the model (circular arrow). After the 
machine-learning model is finalized (crossed-out circular arrow), the established model is used to generate predictions on the test dataset and the model’s 
performance is estimated by comparing the predicted outcomes with the observed outcomes for the test dataset. b, Unsupervised machine learning includes 
clustering, anomaly detection and dimensionality reduction. Clustering algorithms group data points with similar measurements into clusters. Anomaly 
detection identifies outliers in the dataset. Dimensionality reduction reduces the number of random variables used to describe the data; for example, by 
representing an image with thousands of parameters as a smaller vector of summary features. The resulting summary vector preserves the important 
information in the raw data; for example, summary vectors from similar images will bear more resemblance than those obtained from irrelevant images.
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the clinical workflow (Fig. 3). Conventionally, medical practitio-
ners collect medical information from the patients, make clinical  
judgments and record their diagnoses and treatment plans in the 
health records (Fig. 3a). Since the 1970s, decision support systems 
that collect medically relevant information and provide suggestions 
to clinicians have been developed (Fig. 3b). There are a number of 
ways to integrate decision support systems into the clinical work-
flow; for instance, decision support systems can actively gather 
information from patients and EHRs, present suggestions to cli-
nicians and store the system outputs in EHRs (Fig. 3c). In many 
proposed fully automated clinical systems, the autonomous tools 

collect information from the patients, make decisions and output 
the results into EHRs (Fig. 3d) — although such integration has 
so far been slight. Data from EHR systems provide detailed infor-
mation about the patients, including clinical notes and laboratory 
values, enabling the application of natural-language-processing 
methods to extract codified vocabularies.

The recent confluence of large-scale annotated clinical data 
acquisition, advancement in machine-learning methods, open-
source machine-learning packages, and affordable and rapidly 
growing computational power and cloud storage has fuelled the 
recent exponential growth in AI. This promises to change the land-
scape of medical practice in the near term. AI systems have special-
ist-level performance in many diagnostic tasks5,44, can better predict 
patient prognosis than clinicians45,46, and can assist in surgical inter-
ventions47. As machine-learning models continue to advance, there 
is a growing sense that AI could revolutionize medical practice and 
redefine the roles of clinicians in the process12.

Image-based diagnosis
Currently, automated medical-image diagnosis is arguably the 
most successful domain of medical AI applications. Many medi-
cal specialties, including radiology, ophthalmology, dermatology 
and pathology, rely on image-based diagnoses. In what follows, we 
summarize recent advances in the application of AI to each of these 
medical fields.

Radiology. Diagnostic radiologists use multiple medical-imaging 
modalities — the most widely used being X-ray radiography, 
computed tomography, magnetic resonance imaging (MRI) and 
positron-emission tomography — to detect and diagnose dis-
eases. In each of these approaches, radiologists use a collection of 
images for disease screening and diagnosis, to identify the cause 
of illness and to monitor the patient trajectory during the course 
of a disease48.

Radiological practice relies primarily on imaging for diagnosis 
and thus is very amenable to deep-learning techniques, as images 
often contain a large proportion of the information needed to 
arrive at the correct diagnosis. Most radiology departments main-
tain a database of historical images in a Picture Archiving and 
Communication System, which typically provides thousands of 
examples to train the neural networks. Computational approaches for 
radiology diagnoses have been proposed and implemented since the 
1960s49. With the help of modern machine-learning methods, many 
radiology applications of AI, such as the detection of lung nodules 
using computed tomography images50, the diagnosis of pulmonary 
tuberculosis and common lung diseases with chest radiography51–54 
and breast-mass identification using mammography scans55,56, have 
reached expert-level diagnostic accuracies. These studies employed 
a technique known as transfer learning, where well-established deep 
neural networks trained on millions of natural, non-medical images 
are borrowed, and then the neural network connections are fine-
tuned by using thousands of biomedical images. Such a strategy can 
reduce the number of training samples required to train a neural 
network with tens of millions of parameters, making it highly effec-
tive for medical-image classification where the number of images 
may only be in the range of thousands to tens of thousands. For 
researchers to visualize the neural network models, the relevance 
of each pixel to the output classes can be investigated. For example, 
saliency maps and gradient-weighted class activation maps visual-
ize the importance of each image region in relation to their classifi-
cation and are useful for identifying localized image features6 (Fig. 
4a,b), activation maximization generates images that maximally 
activate a selected neuron (Fig. 4c), and an individual convolution 
filter can be visualized by producing synthetic input images that 
maximize the filter output (Fig. 4d–g). These approaches attempt to 
make neural network models more interpretable51.
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Fig. 2 | The general architecture of artificial neural networks.  
a, Perceptron. Given an input vector x from the input cells, the output is 1 
if w · x +​ b >​ 0, where w and b are two vectors of parameters; otherwise, 
the output is 0. b, A two-layer feedforward neural network. The input layer 
takes in the data and forwards the data to the cells of the hidden layer. 
Each cell in the hidden layer serves as a function that integrates its inputs 
and transmits the output of the function into the cells in the next layer. 
There are no cyclic computations. c, Autoencoder. Autoencoding is an 
unsupervised technique that uses neural networks to learn a representation 
of the input data. An autoencoder is often used for dimensionality 
reduction. d, Sparse autoencoder. An autoencoder with a large number 
of cells in the hidden layers and a sparsity constraint, which forces most 
hidden cells to be inactive given the input. This strategy is useful for 
deriving features for classification tasks. e, Recurrent neural network.  
A type of neural network that allows connections between the nodes 
to form directed cycles. It is useful for handling time series. f, Deep 
feedforward neural network. There can be many hidden layers between the 
input layer and the output layer to model the complex relations between 
the inputs and the outputs. The last hidden layer connects to the output 
layer, which generates model outputs. g, Deep residual neural network. 
In this architecture, skip connections are allowed, which in deep neural 
networks helps avoid performance saturation or degradation.
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Many clinical applications of AI are seeking regulatory approval. 
For instance, a deep-learning system for diagnosing cardiovascular 
diseases using cardiac MRI images was approved by the FDA in 
2018 (refs 57,58). With further validation studies and technology 
transfer efforts, we expect that more image-based computer-aided 
detection (CAD) and diagnostic systems will be put into clinical use 
in the near term.

Dermatology. Inspection plays an important role in diagnosing 
many types of skin lesion. For instance, typical skin melanoma has 
visual features that distinguish these lesions from benign moles59. 
For the diagnosis of skin melanoma by inspection, dermatologists 
have developed rules of thumb, such as the widely known ABCDE 
rule. The rule is applied to diagnosing pigmented tumours, where 
criterion A refers to the geometrical asymmetry of the tumour, B to 
irregular borders, C to colour variegation, D to a diameter equal to 
or more than 6 mm, and E to the enlargement of the surface of the 
lesion or evolving lesion59,60. With the exception of the E criterion, the 
other criteria can be assessed from a single photograph of the lesion.

For many years, researchers have attempted to develop auto-
mated diagnostic systems that classify photographs of benign and 
malignant lesions61,62. Recently, convolutional neural networks 

trained on 129,450 clinical images achieved dermatologist-level 
accuracy in diagnosing skin malignancy44. The deep-learning  
algorithm outperformed the average dermatologist in a comparison 
of the algorithm predictions and the assessments by 21 dermatolo-
gists on a set of photographic and dermoscopic images. Although 
the training phase of the deep-learning model can be computa-
tionally expensive, the finalized diagnostic model can be deployed 
on mobile devices, potentially improving the accessibility of skin-
lesion screening at the expert level globally44.

Ophthalmology. Fundus photography is a non-invasive proce-
dure that uses retinal cameras to capture images of the retina, optic 
disc and macula. It can detect and monitor diseases such as DR, 
glaucoma, neoplasms of the retina and age-related macular degen-
eration, and plays a vital role in identifying causes of preventable 
blindness63. In particular, clinical guidelines from the American 
Diabetes Association recommend DR screening for diabetic 
patients with minimal or no retinopathy every year, and more fre-
quent examination for patients with progressing DR64. Traditionally, 
fundus photographs are examined and interpreted by ophthalmolo-
gists, which is difficult to scale to the millions of diabetic patients at 
risk of developing sight-threatening DR65.

Table 2 | An overview of the common components of deep neural networks

Common components Types Function

Layers Densely connected layer To operate on the inputs from the previous layer; 
too many densely connected layers can result in 
overfitting, which could be mitigated by randomly 
setting a fraction of inputs to 0 (also called 
dropout).

Convolutional layer To perform convolution over the input; useful for 
inputs with spatial or temporal relations.

Pooling layer To decrease the number of parameters in the 
neural network, reducing overfitting.

Recurrent layer To allow circular connections between the 
elements in the neural network; useful for 
modelling temporal events.

Embedding layer To map the input into a dense vector space.

Normalization layer To normalize the amount of activation from the 
previous layer.

Noise layer To add random noise to the input; useful for 
reducing overfitting.

Initialization functions Deterministic To initialize the values of the cells in the neural 
network layers to some constants.

Random To initialize the values of the cells in the neural 
network layers to some random numbers that 
follow a certain distribution.

Activation functions Sigmoid, hyperbolic tangent (tanh), softmax, 
scaled exponential linear unit (SELU), rectified 
linear units (RELU) and others

To enhance network performance by adding 
nonlinear factors to the neural network.

Loss functions Mean squared error, mean absolute error, cosine 
distance, categorical cross-entropy and others

To evaluate the performance of the neural 
network; the loss function is a part of the 
objective function.

Optimization algorithms Stochastic gradient descent, root-mean-square 
propagation (RMSprop), AdaGrad, Adam and 
others

To determine the direction to fine-tune the 
weights in the neural network

Regularization methods L1, L2, L1 +​ L2 To prevent large parameters by including the L1 
norm (sum of the absolute value), the L2 norm 
(sum of squares), or the weighted mean of the 
L1 and L2 norms of parameters into the objective 
function.
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A team of computer scientists and clinicians recently trained 
convolutional neural network models to identify referable DR and 
diabetic macular oedema using 128,175 retinal images. In this  

retrospective study, the machine-learning model achieved areas 
under the receiver operating characteristic curve greater than 0.990 
in two independent test datasets, which was comparable to the per-

a

b

Clinical
presentations

Clinical
presentations

EHRs

Decisions

Rule-based algorithms/
machine-learning algorithms

Clinicians’
judgments

Conventional clinical practice

Conventional decision support systems

c

Clinicians

Integrative decision support systems

EHRs

+

+

Input

Output

Algorithm

Decisions

d

Clinical
presentations

Decisions

Fully automated clinical system

EHRs

Clinical
presentations

EHRs
Rule-based algorithms/

machine-learning algorithms

Clinicians

+

Input

Output

Algorithm

Input

Output

Algorithm

Decisions

Fig. 3 | Models of information flow in conventional clinical practice, conventional decision support systems, integrative decision support systems and 
fully automated clinical systems. a, In conventional clinical practice, clinicians collect information from the patients, make clinical decisions using their 
own judgments, and record their findings in EHRs. b, Conventional decision support systems collect information from EHRs and provide suggestions using 
rule-based algorithms or machine-learning algorithms. Clinicians receive the suggestions and make the final decision. c, In integrative decision support 
systems, the systems can actively request clinically relevant information or gather the data from EHRs, show the results to clinicians, and write them into 
EHRs automatically. Clinicians still need to make the final decision. d, In many proposed fully automated clinical systems, the autonomous systems collect 
information from the patients, make decisions and output the results to EHRs.

Table 3 | Comparisons between human evaluations and different types of AI approaches

Approaches Model 
comprehensibility

Performance Reproducibility Dependency 
on prior 
knowledge

Development 
and training 
costsa

Running 
costs

Around-
the-clock 
availability

Update 
costs

Human evaluation High Moderate or 
high

Moderate High High High Low High

Rule-based algorithms High Moderate or 
high

High High Moderate or 
high

Low High High

Feature-based machine-
learning methods

Moderate or high Moderate or 
high

High Moderateb Moderate Low High Moderatec

Deep artificial neural 
networks

Low or moderate High High Low Moderate Low High Low

aThe estimated cost of training professionals that carry out the clinical tasks (human evaluation) or of developing the automated system (rule-based, feature-based or deep-artificial-neural-network-
based) that performs the tasks. bFor feature-based machine-learning methods, prior knowledge may facilitate the derivation of useful features from the raw data. cWhen the update requires encoding new 
features, the update cost of feature-based machine-learning methods includes feature engineering and model retraining.
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formance of ophthalmologists5. They also demonstrated that deep 
learning can extract previously unrecognized associations between 
retinal image patterns and age, gender, systolic blood pressure and 
smoking status, as well as major adverse cardiac events6, illustrating 
the utility of machine learning in eliciting new knowledge from the 
raw data. Another team of researchers showed that the performance 
of a convolutional neural network exceeded their pre-specified sen-
sitivity (85%) and specificity (82.5%); the system was authorized by 
the FDA for use by healthcare providers to detect diabetic macu-
lar oedema and moderate-to-severe DR (Early Treatment Diabetic 
Retinopathy Study Severity Scale, level 35 or higher)7,66.

Pathology. Histopathological assessment is the gold standard for 
the diagnosis of many cancer types15,67,68. The procedure involves 
processing a biopsy or surgical specimen into tissue slides and 
staining the slides with pigments, and then expert pathologists 
interpreting the slides under a microscope on the basis of visual 
evaluation69. However, discrepancies among pathologists have been 
documented69,70, and the process is not easily scalable. Moreover, 
some quantitative histopathology image features that are barely 
noticeable by the human eye can predict the survival outcomes of 
cancer patients45,46,71, indicating the existence of rich yet previously 
underutilized information in the pathology slides.

With the advent of deep convolutional neural networks, AI can 
be useful in the detection of prostate cancer from biopsy speci-
mens72, the identification of breast cancer metastasis in lymph 
nodes72,73 and the detection of mitosis in breast cancer74. For exam-
ple, machine learning coupled with a system for imaging live-cell 
biomarkers can facilitate the risk stratification of prostate and breast 
cancer patients75. As it is estimated that there will be a net deficit of 
more than 5,700 full-time equivalent pathologists by 2030 (ref. 76), 
an automated system could mitigate this deficit, provide a fast and 
objective evaluation of the histopathology slides, and improve the 
quality of care for cancer patients.

Overall, successful applications in radiology, dermatology, oph-
thalmology and pathology leverage the availability of large labelled 
data, computation power and deep-learning methods to achieve 
expert-level diagnostic accuracy77. Translating these research results 
into clinical applications is not straightforward, yet it has the poten-
tial to change current medical practice significantly.

Genome interpretation
High-throughput sequencing methods generate terabytes of raw 
data for genomic studies. Accurate clinical interpretation of these 
data is key to understanding differences across individuals and 
paves the way for precision medicine29. However, knowledge about 
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Fig. 4 | Example of the interpretation of convolutional neural networks. a, The original image of a coffee mug. b, Attention visualization. A gradient-
weighted class activation map (Grad-CAM) of VGG16150 (a neural network with 16 weighted layers that performed well in the Image Net Large Scale 
Visual Recognition Challenge in 2014) that visualizes the importance of input pixels on the last convolution layer, which summarizes spatial information 
contained in the image and passes it to the layers that generate the classification. c, Activation maximization. An image that maximizes the score for 
‘coffee mug’. The same technique can produce the images that maximize the activation of any selected neuron in the convolutional neural networks.  
d–g, Visualization of the convolution layers in VGG16. Any convolution filter could be visualized by generating synthetic input images that maximize the 
filter output. Panel d shows the visualization of 10 filters in the second convolution layer of VGG16. It reveals low-level image patterns, such as colour 
patches and lines; panel e shows 10 filters in the fourth convolution layer of the same neural network, revealing various linear patterns; panel f shows the 
patterns that maximize the output of 10 filters in the eighth convolution layer, revealing shape patterns; and panel g shows the patterns for 10 filters in the 
eleventh convolution layer, revealing complex patterns of shapes and objects. All visualizations were generated by the keras-vis package in Python.
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the human genome is constantly evolving, and it is difficult to 
systematically compare a patient’s genome with known cases and 
controls solely using human curation. Deep neural networks can 
annotate pathogenic genetic variants78 and identify the functions 
of non-coding DNA79 better than conventional methods, such as 
logistic regression and support vector machines78. Interestingly, 
one neural-network-based approach that transforms the genomic-
variant-calling task into an image classification task achieved bet-
ter performance than the widely used Genome Analysis Toolkit80,81. 
Such computational approaches can also be useful for diagnosing 
complex diseases with genetic components, such as cancer82.

Machine learning for biomarker discovery
Biomarker discovery relies on identifying previously unrecognized 
correlations between thousands of measurements and phenotypes. 
Omics technologies have enabled the high-throughput measure-
ment of thousands of genes and proteins, and of millions of genomic 
and epigenomic aberrations29. However, it is almost impossible for 
researchers to manually analyse and interpret the vast amount of 
data gathered from omics approaches. Machine-learning methods 
can identify the molecular patterns associated with disease status 
and disease subtypes, account for the high-level interactions among 
the measurements, and derive omics signatures to predict disease 
phenotypes83. Gene expression, protein abundance levels and DNA 
methylation profiles can predict the status of a number of diseases, 
including cancers15,84,85, infectious diseases86 and the risk of Down’s 
syndrome87. Many of the biomarker panels derived from machine 
learning have outperformed those selected by experts or by conven-
tional statistical methods. A number of them have been approved by 
the FDA and can be routinely used to guide treatment selection84,85,88. 
Non-omics biomarkers, such as neural excitation signals, could 
facilitate the development of an interface for prosthetic control89. 
The successful deployment of data-driven biomarkers has implica-
tions for both clinical management and trial design. Nevertheless, 
the reproducibility of a few biomarkers has been challenged, and 
it is methodologically fraught to identify robust biomarkers when 
the number of measurements or parameters is far larger than the 
number of samples90. With the recent establishment of nationwide 
biobanks, standardized high-throughput profiling methods and 
advanced machine-learning methods, more robust and accurate 
biomarkers are expected to arise.

Clinical outcome prediction and patient monitoring
In addition to identifying biomarkers related to clinical phenotypes, 
the use of EHRs to predict clinical outcomes shows great promise. 
Bayesian networks can predict mortality, readmission and length 
of hospital stay by using EHRs from the emergency department91. 
Data from health insurance claims can be used to predict mortal-
ity in elderly patients92, patient attributes in the medical notes can 
be employed to classify cancer patients with different responses to 
chemotherapy93, and clinical predictors for the prognosis of patients 
receiving thoracic organ transplantation can be identified94. These 
studies characterized a number of robust clinical predictors for 
patient outcomes, and could be used to help guide patients and their 
physicians in choosing an individualized treatment strategy.

Patient monitoring is crucial in intensive care units, operat-
ing rooms, emergency rooms and cardiac wards where timeli-
ness in clinical decision-making can be measured in seconds. 
Routine monitoring devices in these high-acuity contexts gener-
ate a large amount of data and thus represent a great opportunity 
for AI-assisted alert systems. By using vital signs and the Modified 
Early Warning Score, a prediction model for cardiac arrest was 
established95. Demographics, laboratory results and vital signs can 
also be used to predict cardiac arrest, transfer into the intensive 
care unit, or death96. In addition, an interpretable machine-learning 
model can assist anaesthesiologists in predicting hypoxaemia events 

during surgery97. This suggests that, with deep-learning algorithms, 
raw patient-monitoring data could be better used to avoid informa-
tion overload and alert overload while enabling more accurate clini-
cal prediction and timely decision-making.

Inferring health status through wearable devices
Modern wearable devices record a plethora of biomedical signals, 
including heart rate, voice, tremor and limb movement. These bio-
logical signals could be useful for detecting diseases and inferring 
health conditions. By way of illustration, signs of infectious dis-
ease and inflammatory responses can be detected early by using 
heart rate and skin temperature data recorded by wearables98. The 
inclusion of photoplethysmography sensors in wearables enables 
the monitoring of cardiovascular diseases, pulmonary diseases, 
anaemia and sleep apnea99. Wearable sensors could also detect 
and quantify symptoms of patients with Parkinson’s disease, such 
as tremor and impaired hand movement, gait, posture and speech 
patterns100.

Although personal tracking devices present an opportunity to 
guide behavioural changes101, the accuracy of the data collected 
through these devices can be variable102,103. In addition, one-third of 
all US consumers who have owned wearable devices stopped using 
them within six months of receiving them, foreshadowing the utility 
of the devices in fostering long-term behavioural change104,105. More 
research is needed to identify the ways to maximize the effective-
ness of wearables in the promotion and maintenance of health106.

Autonomous robotic surgery
Robotic systems controlled by AI are routinely used in assembly 
lines in industry and in many biomedical laboratories107. However, 
the development and adoption of autonomous robots in medi-
cal interventions has been considerably slower. For many decades, 
robotic surgery has been synonymous with robotically assisted 
surgery — systems that facilitate surgical procedures and enable 
motions smoother than those achievable by human hands, but that 
still require a surgeon for movement control108. For instance, in 
the FDA-approved da Vinci surgical system for minimally invasive 
operations, surgeons operate the robot from a console109. Such sys-
tems are designed to translate the surgeon’s hand movements into 
the movements of instruments inside the patient109 and are therefore 
not autonomous.

As suturing is one of the most common procedures during 
surgery, autonomous knot-tying robots have been developed108. 
Recently, a supervised autonomous robotic system for suturing 
an intestinal anastomosis showed, in a laboratory setting, better 
in vivo suturing quality than surgeons47. This system employed an 
autonomous suturing algorithm and a plenoptic three-dimensional 
near-infrared fluorescent imaging system to perform in vivo open 
surgery on pigs. The autonomous system had better consistency of 
suturing, higher quality of anastomosis (measured by the pressure 
at which the anastomosis leaked), and a fewer number of mistakes 
that required removing the needle from the tissue than hand-sewn 
suturing, laparoscopy and robot-assisted surgery with the da Vinci 
surgical system47. Similarly, a number of autonomous robots for 
cochleostomy have also been proposed110.

With the continuing development of pre-programmed, image-
guided and teleoperated surgical robots, more robot-assisted or 
automated intervention methods are expected to be incorporated 
in surgical practice111.

Taken together, AI is poised to revolutionize many aspects of 
current clinical practice in the foreseeable future. AI systems can 
enhance clinical decision-making, facilitate disease diagnosis, iden-
tify previously unrecognized imaging or genomic patterns associ-
ated with patient phenotypes, and assist in surgical interventions 
for various human diseases. AI applications also have the potential 
to bring clinical expertise to remote regions where specialists are 

Nature Biomedical Engineering | VOL 2 | OCTOBER 2018 | 719–731 | www.nature.com/natbiomedeng726

http://www.nature.com/natbiomedeng


Review ArticleNATuRe BIomedIcAl EngIneeRIng

scarce or not available112,113. Table 4 summarizes potential clinical 
integrations of medical AI systems, stratified by their developmen-
tal stages.

Technical challenges in AI developments
Although AI promises to revolutionize medical practice, many 
technical challenges lie ahead. As machine-learning-based meth-
ods rely heavily on the availability of large amounts of high-quality 
training data, care must be taken to compile data that is representa-
tive of the target patient population. For example, data from dif-
ferent healthcare environments can contain various types of bias 
and noise, which may cause a model trained on one hospital’s data 
to fail to generalize to a different one114. When the diagnostic task 
has an imperfect inter-expert agreement, it has been shown that 
consensus diagnoses could substantially improve the performance 
of the machine-learning models trained on the data115. Adequate 
data curation is necessary for handling heterogeneous data. Also, 
obtaining the gold standard of patients’ clinical status requires 
clinicians to review their clinical notes individually, which is pro-
hibitively expensive on a population scale. A silver standard116 that 
employed natural-language-processing techniques and diagnostic 
codes to impute the true status of the patients has recently been pro-
posed117. Sophisticated algorithms that can address the idiosyncra-
sies and noises of various datasets will enhance the reliability of the 
prediction models, and hence safety to use them in life-and-death  
decisions.

Several high-performing machine-learning models generate 
results that are difficult to interpret by unassisted humans. Although 
these models can achieve better-than-human performance, it is not 
straightforward to convey intuitive notions explaining the conclu-
sions of the models, to identify model weakness, or to extract addi-
tional biological insights from these computational ‘black boxes’. 
Recent approaches to explain image classification models include 
visualizing the convolution filters (Fig. 4d–g) or the relevance of 
each image region using saliency maps118 (Fig. 4b). However, model 
interpretation remains much more challenging for deep neural net-
work models trained on data other than images; this is a focus of 
on-going research effort119.

Much of the recent progress in neural networks has been 
restricted to well-defined tasks that do not require integration of 
data across multiple modalities. Methodologies for applying deep 
neural networks to general diagnostics (such as the interpretation 
of signs and symptoms, past medical history, laboratory results and 

clinical course) and treatment selection are less clear. Although 
deep learning has been successful in image classification, transla-
tion, voice recognition120, sound synthesis121 and even neural net-
work design122, clinical diagnostic and treatment tasks often require 
more context (for example, patient preferences, values, social sup-
port and medical history) than the narrow tasks that deep learning 
has mastered. Additionally, it is unclear how to apply transfer-learn-
ing methods to integrate insights learned from large non-medical 
datasets into algorithms for the analysis of multi-modality clinical 
data. This implies that larger-scale data-collection and data-anno-
tation efforts are needed to develop end-to-end AI clinical systems.

Implementing a computing environment for collecting, storing 
and sharing EHRs and other sensitive health data remains a chal-
lenge123. Privacy-preserving methods can permit secure data sharing 
through cloud services (such as third-party-hosted computing envi-
ronments)124. To implement such infrastructure widely, however, 
development of interoperable applications that meet the standard 
for the representation of clinical information is required125. Deep 
and smooth data integration across healthcare applications and 
locations remains spotty and relatively slow. Nonetheless, emerging 
application-programming interfaces for clinical data are beginning 
to show significant adoption across multiple EHR vendors, such as 
the Substitutable Medical Applications and Reusable Technologies 
on the Fast Health Interoperability Resources platform126,127.

Almost all of the reported medical applications of AI have been 
conducted on retrospective data collected for research and proof of 
principle128. To validate the real-world utility of medical AI systems, 
prospective clinical studies that evaluate the systems’ performance 
in clinical settings are needed129. Prospective trials will better iden-
tify the fragility of AI models in real-world heterogeneous and noisy 
clinical environments, and point to ways to integrate medical AI 
into current clinical workflows.

Social, economic and legal challenges
As clinical AI systems mature, there will be an inevitable increase in 
their clinical use and deployment, which will lead to new social, eco-
nomic and legal issues130,131. Geoffrey Hinton — one of the pioneers 
of neural networks — and many AI researchers envision drastic 
changes in medical practice114,132. AI is likely to improve the quality 
of care by reducing human error and decreasing physician fatigue 
arising from routine clinical tasks. However, it may not necessarily 
reduce physician workload, as clinical guidelines might suggest that 
examinations be carried out more often for at-risk patients. If AI for 

Table 4 | Clinical integration of medical AI at different developmental stages

Areas where AI 
performance is more 
reliable than that of a 
human expert

Areas where AI performance is at 
the expert level

Areas where AI 
performance is 
reasonable

Areas where AI 
performance is not 
yet good enough

Areas where the 
nature of the clinician–
patient interaction is 
fundamentally different 
from that of the AI–
patient interaction

Examples Serum analyser144,145; 
alert systems (such as 
drug–drug interaction 
checkers146,147)

Assessment of certain radiology 
images (for example, annotation of 
cardiovascular MRI images57,58 or 
evaluation of X-ray images for distal 
radius fracture148); dermoscopic 
melanoma diagnosis149; fundus 
photograph evaluation for DR5,7

ECG reading11 Surgery; full 
interaction with 
patients

Emotional support and 
rapport

Potential 
clinical 
integrations

Delegate to AI AI does the majority of the task, 
clinicians confirm the diagnosis

AI does a portion  
of the task (such  
as screening),  
clinicians confirm  
the diagnosis

Clinicians lead the 
clinical evaluations 
and intervention, AI 
assists in routine  
sub-tasks

Clinicians continue to 
provide the service
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routine clinical tasks is successfully deployed, it could free up time 
for physicians and allow them to concentrate on more sophisticated 
tasks and more ‘high-touch’ time with their patients. As an illustra-
tion, AI could facilitate ophthalmologists in triaging and reading 
the fundus photographs, enabling them to spend more time in the 
operating room or discussing treatment plans with their patients. 
Admittedly, AI could potentially replace some healthcare workers in 
carrying out routine tasks, which might in turn reshape the health-
care workforce and alter the current reimbursement framework in 
healthcare. Nonetheless, there is currently little empirical evidence 
of this kind of impact on the clinical workforce.

State-of-the-art AI applications will not reach their full potential 
unless they are integrated into clinical workflows133,134. However, 
research has shown that the implementation of AI in healthcare 
is not trivial. It is widely acknowledged that clinical information 
systems result in many unintended consequences, including alert 
fatigue135, imposition of additional workloads for clinicians, dis-
ruption of interpersonal (including doctor-to-patient) commu-
nication styles, and generation of specific hazards that require a 
higher level of vigilance to detect136. For example, when a mam-
mography CAD tool generates a false-negative result, radiologists 
are more likely to miss the diagnosis than when they are required 
to interpret the mammography films without CAD137. Although 
many CAD models can be adjusted to balance the sensitivity and 
specificity needed for each clinical use case, it is challenging to 
identify the optimal clinical workflow that maximizes the perfor-
mance of AI-assisted diagnosis129. The experience of care providers 
and their patients shows that careful design and implementation 
are necessary, yet often lacking, to incorporate information sys-
tems into clinical settings138,139.

From a regulatory perspective, clinical AI systems need to be 
certified before large-scale deployment. The FDA should anticipate 
an increasing number of premarket-approval submissions (safety 
and effectiveness evaluations of medical devices that present a 
potential and unreasonable risk of illness or injury) and 510(k) sub-
missions (premarket submissions made to the FDA to demonstrate 
that a proposed device is at least as safe and effective as a legally 
marketed device) describing AI systems with direct clinical impact. 
Policymakers need to set specific criteria for the process of dem-
onstrating non-inferiority in 510(k) submissions, such as the vali-
dation process and quality and representativeness of the validation 
data. Machine-learning-based models present a unique challenge to 
regulatory agencies because the models can evolve rapidly as more 
data and user feedback are collected. It is not clear how the updates 
should be evaluated. For instance, the new model may be better on 
average but have worse performance on a subset of patients. The 
FDA announced in April 2018 that it is moving toward a ‘pre-cer-
tified approach’ for AI software that learns and improves continu-
ously140. The proposed approach will first look at the technology 
developer, rather than primarily at the product141. As such, a clear 
guideline needs to be made regarding the certification of the teams 
that develop, revise and update the AI systems129.

As ubiquitous data collection becomes more commonplace, con-
sensus needs to be reached for a consent framework to guide health-
related data sharing. For example, information recorded by mobile 
sensors142 may contain sensitive information, such as the location 
of the patients. It is imperative to involve the most representative 
and broad range of stakeholders when establishing a privacy policy 
framework for data collection and sharing.

AI in medicine will inevitably result in legal challenges regarding 
medical negligence attributed to complex decision support systems. 
When malpractice cases involving medical AI applications arise, the 
legal system will need to provide clear guidance on what entity holds 
the liability143. Medical professional malpractice insurance needs to 
be clear about coverage when healthcare decisions are made in part 
by an AI system. With the deployment of automated AI for specific 

clinical tasks, the credentials needed for diagnostic, therapeutic, 
supportive and paramedical tasks will need to be updated, and the 
roles of healthcare professionals will continue to evolve as various 
AI modules are incorporated into the standard of care.

To address the challenges, AI researchers and medical practitio-
ners need to work together to prioritize and develop the applica-
tions that address crucial clinical needs. Hospital administrators 
would have to evaluate and mitigate clinical workflow disruption 
when introducing new AI applications. Companies will have to 
determine the right framework within which they can conduct pro-
spective clinical trials that evaluate the performance of AI systems 
in the clinical setting. And insurers should assess the value cre-
ated by medical AI systems and potentially revise their reimburse-
ment policy to reduce the cost of healthcare while improving its  
quality. Multidisciplinary and multi-sector collaborations will be 
required to facilitate the development and deployment of medical 
AI applications.

Outlook
AI has enhanced clinical diagnosis and decision-making perfor-
mance in several medical task domains. How this performance will 
translate into impact on the landscape of medical practice, includ-
ing disease detection and treatments, will depend on how nimbly 
AI applications co-evolve with a healthcare system that is under 
tremendous financial strain while accommodating rapid advances 
in molecular and genomic science. Clinicians will need to adapt to 
their new roles as information integrators, interpreters and patient 
supporters, and the medical education system will have to provide 
them with the tools and methods to do so. Who will end up control-
ling, certifying or profiting from the application of AI is still to be 
determined, and therefore the balance of regulatory safeguards and 
market forces to ensure that patients benefit most must be a high 
priority.
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