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Deep learning models to detect hidden clinical correlates
It is often said that a picture is worth a thousand words, 
a statement that is also true in the medical domain 
[A: edits ok for clarity?]. Over the past decade, deep 
learning algorithms applied to medical diagnostics 
have displayed the ability to accurately and precisely 
identify clinical phenotypes and diagnoses beyond their 
conventional usage. From fundoscopic images being 
used to evaluate blood pressure and cardiovascular risk 
to echocardiogram videos identifying a patient’s age 
and sex, investigators have shown the ability for deep 
learning algorithms to capture systemic phenotypes 
that would be difficult for human experts to evaluate.1,2 
In The Lancet Digital Health, Joon-myoung Kwon 
and colleagues applied a deep learning algorithm to 
electrocardiograms (ECGs) obtained in the emergency 
department, out-patient department, and from 
admitted patients [A: edited in line with Article, ok?], 
and show good performance in identifying patients with 
anaemia.3 With use of a convolutional neural network, 
the authors developed a deep learning algorithm with 
input from ECGs and demographic information to 
assess a regression task for haemoglobin concentration 
as well as a binary threshold for anaemia [A: edits ok?].

The work solidifies the claim that we can obtain 
additional value from the diagnostic testing and 
imaging that are already routinely obtained in medical 
care. Previous studies have shown that deep learning 
algorithms applied to ECGs can identify cardiovascular 
phenotypes, such as heart failure, hidden heart 
rhythms [A: term correct? Do you mean “hidden 
arrhythmia”?], and hypertrophic cardiomyopathy,4–6 
and the authors extend this direction to show deep 
learning on ECGs can predict systemic phenotypes 
beyond the heart. An important strength of this Article 
is the testing of the algorithm on an external dataset 
from another hospital, helping to avoid potential bias, 
confounding, or model overfitting, which can happen 
when an algorithm is only tested on an internal test 
dataset with the same characteristics as the training 
dataset. Additionally, the authors supported the claimed 
strength [A: ok?]of their deep learning algorithm by 
comparing their model with benchmark models on 
patient demographics and non-imaging characteristics.

Several challenges remain ahead to further understand 
and deploy artificial intelligence (AI) systems, such as 

the one proposed by Kwon and colleagues into routine 
clinical practice, as model performance and human 
interactions can vary in real-world settings. Similar to 
preclinical studies for pharmaceutical therapies, deep 
learning models are trained in pristine, controlled 
environments, which might not reflect real-world 
clinical settings. Real-world studies of AI systems 
have shown model performance can be significantly 
[A: is this statistical significance or can we edit to 
“substantially”?] affected by different hardware, 
seemingly trivial input settings, patient characteristics, 
and clinical workflows.7 Particularly in resource-limited 
environments, understanding the routine clinical 
workflow, such as how patients will obtain treatment 
when obtaining additional diagnostic testing, is needed 
to establish the true effect of complicated interventions 
such as AI systems. We call upon the medical AI research 
community to release the code of their algorithms to 
allow for the broad testing of such systems in diverse 
settings to understand their limitations and biases. 
Ultimately, as with any important medical intervention, 
randomised controlled trials are needed to fully evaluate 
the effect of AI systems.

Equally important for widespread adoption of AI 
systems is increasing understanding of their decisions 
and the ability to interact, troubleshoot, and evaluate 
the diagnoses, as highlighted by the authors. Previous 
work has focused on human-interpretable models 
when applying AI systems for which the input is 
directly related to the diagnostic task,8–9 however 
this [A: what does “this” refer to specifically?] is 
especially challenging when clinicians are asked to 
evaluate an AI system doing a task beyond the abilities 
of human experts. The requirement for understanding 
and trusting the determination of such an AI system 
is unavoidably higher. Although this question is still 
open, important corollaries include, “is this diagnosis 
biologically plausible?” and “is the input data necessary 
and sufficient to obtain the diagnosis?”. Designing 
efficient human-AI interactions is an important and less 
explored component of this challenge.

Given the early stage in development of these 
algorithms, AI systems are often described in the 
setting of screening before confirmatory testing by 
conventional means. However, even incrementally 
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improving the diagnostic yield of a relatively 
inexpensive, routine medical test can have an impact 
on triage, costs, and the patient experience. The ability 
to screen for anaemia from ECG testing could minimise 
the need for painful phlebotomy and allow for earlier 
recognition of the need for blood transfusions.

The ongoing development of AI systems for early 
detection of disease is a promising avenue for obtaining 
additional value from medical testing. The pursuit of 
more precise and earlier diagnoses will allow for earlier 
detection of disease, more efficient triage of health-care 
resources, and help clinicians make complex decisions 
with additional diagnostic support.
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