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Background: The real-life applications of machine learning clinical decision making is currently lagging

behind its promise. One of the critics on machine learning is that it doesn’t outperform more traditional sta-

tistical approaches in every problem.

Methods and Results: Authors of “Predictive Abilities of Machine Learning Techniques May Be Limited

by Dataset Characteristics: Insights From the UNOS Database” presented in the current issue of the Journal

of Cardiac Failure that machine learning approaches do not provide significantly higher performance when

compared to more traditional statistical approaches in predicting mortality following heart transplant. In

this brief report, we provide an insight on the possible reasons for why machine learning methods do not

outperform more traditional approaches for every problem and every dataset.

Conclusions: Most of the performance-focused critics on machine learning are because the bar is set

unfairly too high for machine learning. In most cases, machine learning methods provides at least as good

results as traditional statistical methods do. It is normal for machine learning models to provide similar per-

formance with linear models if the actual underlying input-outcome relationship is linear. Moreover,

machine learning methods outperforms linear statistical models when the underlying input-output relation-

ship is not linear and if the dataset is large enough and include predictors capturing that nonlinear relation-

ship. (J Cardiac Fail 2019;25:484�485)
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Machine learning techniques are increasingly being

developed to address clinical decision-making problems in

medicine, yet—at least in clinical practice—real-world

applications lag behind the promise. There are several rea-

sons for this state of affairs, one of which is that machine-

learning approaches do not necessarily outperform more

traditionally used statistical methods for every problem.

In the current issue of the Journal of Cardiac Failure, the

authors of “Predictive Abilities of Machine Learning Tech-

niques May Be Limited by Dataset Characteristics: Insights

From the UNOS Database”1 present one such example

where machine-learning algorithms do not significantly
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outperform classical linearized statistical models in predict-

ing 1 year survival following heart transplant. Their study

used 28 years of data from the United Network for Organ

Sharing (UNOS) database and compared standard statistical

methods with neural networks and other machine-learning

methodologies. Somewhat surprisingly, the best performing

approaches for machine learning were only minimally

improved compared with more standard statistical methods.

Why might this have happened?

Machine learning can model nonlinear predictor-out-

come relationships and multi-dimensional interactions

between predictors. As a result, the performance of machine

learning is highly dependent on the underlying predic-

tor�outcome relationship, which is unknown in most cases.

Furthermore, some predictor�outcome relationships may

have both linear and nonlinear components; however, if the

predictors representing the nonlinear part are not observed

(ie, the data are not collected and/or not included in the

dataset) or the sample size is not large enough to optimize

the parameters of the machine-learning architecture to rep-

resent such nonlinearity, machine learning may not outper-

form linear statistical methods. Such expectations are not

so much a failure of machine learning (because, after all,
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the statistical methods provided similar results) as much as

the limitations of the data itself. Although the authors char-

acterized the clinical dataset as having limited quality,

another reasonable interpretation is that the quality of the

data was acceptable, yet simply limited in scope.

Other than clinical factors, survival after heart transplant

may also be determined by socioeconomic and environmen-

tal factors. However, the track record to date is mixed in

demonstrating that inclusion of social determinants of

health data significantly improves predictive models. For

example, Krumholz et al2 showed that inclusion of socio-

economic and other nonclinical factors improved model

prediction, but regardless, the prediction models performed

poorly. Others have described similar results, for heart fail-

ure3 or, for example, when attempting to identify high-risk

patients at safety-net hospitals.4 Similarly, in a study of

children with asthma, we found that social determinants of

health data improved the ability to predict readmissions,5

but again only modestly.

Future predictive models may be improved by taking into

account more finely detailed data on biologic parameters. Pre-

dictive performance might be aided, for example, by inclusion

of biomarker or “omic” data (genomic, transcriptomic,

metabolomics, etc), imaging data, or longitudinal physiologic

data collected prior to transplantation. A recent study (outside

of cardiology) by Toffalori et al6 identified a set of differen-

tially expressed genes (“transcriptional signature”) able to

identify patients with leukemia at high risk for relapse after

stem cell transplants. In intensive care units, features

extracted from streaming physiologic data can predict sepsis

more accurately using machine learning compared to logistic

regression. 7 Similar findings from other groups8�12 seem to

indicate that the extraordinary volume and granularity of data

from these medical environments are especially well suited

for examination by machine-learning approaches

It is important to recognize that the application of

machine learning and artificial intelligence to clinical

medicine is in its infancy. Although it is easy to say that

we need more data, including genomics, biomarkers,

more granular electronic medical record data, sensor data,

etc, to predict future events such as readmission, simply

acquiring personal health information from subjects has a

whole set of challenges not typically found in other indus-

tries more accustomed to using extremely high-volume

data for business reasons. The field of medicine is making

rapid progress to create the infrastructure(s) that will

enable continuous machine-learning using clinical

and other data. In time, we will likely see more areas of
medical and clinical research in which machine learning

lends distinct insight and benefit over more traditionally

used linearized statistical methods.
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