Extracting More From Less: A New Frontier for High-Throughput Clinical Phenotyping
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Recent innovations in computer science and information processing offer tremendous potential to
improve medicine through technology — particularly when applied to electronic health records. Given
that artificial intelligence and data science can uncover hidden relationships among diverse data

types, the hope is that their application can uncover meaningful patterns from disparate medical

information so that clinicians can more accurately detect and predict disease. 12 Notwithstanding the
promise and potential, there are persistent challenges posed by factors that are intrinsic to
administrative databases including disparities in health access, variation in data quality, inconsistent
data availability, and ambiguity in how important clinical outcomes are defined. While all of these
issues serve to temper optimism in the field, the current article by Truslow et al highlights avenues for

progress that can yet be made when applying sophisticated algorithms to large healthcare datasets.

Using clinical data stored in the medical records of over fifty thousand patients, Truslow et al showed
that routinely acquired hematological parameters — including standard measurements from a complete
blood count (CBC) assay — have strong performance for predicting major cardiovascular outcomes
and mortality. As inputs into Cox proportional-hazards models, hematologic parameters demonstrated
a C-index of 0.59 to 0.80 for various cardiovascular outcomes in the internal test cohort of

Massachusetts General Hospital patients and a C-index of 0.60 to 0.80 in the external test cohort of

Brigham and Women’s Hospital patients. Extending from the authors’ prior work,3 cardiovascular
outcomes were adjudicated from discharge summary notes using a deep learning language model. The

addition of age to the hematological parameters further improved model performance, consistent with

the known association of aging and frailty with cardiovascular outcomes.* The models predicted heart
failure and all-cause mortality especially well, with concordance indices of 0.80 and 0.78, consistent
with these two outcomes being among the most prevalent and most frequently seen during model

training.

The importance of this study extends beyond the results alone. Perhaps foremost is the conceptual

innovation of leveraging readily available yet often under-utilized diagnostic data that are routinely
collected from a majority of patients. Conventional approaches to extracting new information from
healthcare systems databases often require major data wrangling efforts and complex processes for

bringing together disparate datasets — many of which can reside in siloed or legacy data warehouses.



Even in the absence of serving any advanced analytical purpose, substantial engineering is often
needed to extract and organize medical data from different sources solely to support the clinical care
operations of a hospital. Therefore, in many cases, approaches to tackling ‘big questions’ in medicine
using ‘big data’ will require enormous resources and sophisticated workflows to combine variables
from imaging, laboratory testing, and clinical notes. Needless to say, these are processes that extend
well beyond the traditional strengths of a healthcare system. Here, Truslow et al demonstrate that it is
quite possible to bypass such herculean efforts and still generate clinically relevant predictions — by

gleaning information from a single frequently obtained blood test and applying natural language

processing of clinical notes to scale outcomes adjudications.

In addition to the conceptual innovation is a new extension of knowledge. Prior studies have shown
that neutrophil-to-lymphocyte ratio values gleaned from the standard CBC are predictive of

outcomes. By contrast, the focus here is on red blood cell and platelet traits. Notably, previous

machine learning analyses have found that certain cardiovascular electrical® and imaging7 features,
including those obtained from routine electrocardiograms and echocardiograms, can be significantly

predictive of anemia. In turn, anemia from either chronic disease or iron deficiency is known to

portend poor outcomes in heart failure® and been associated with rnortality.9 Importantly, the
hematologic predictors in this study represented clinical profiles that likely expand beyond anemia.
While apparently specific to red cell integrity and hemostasis at the outset, the indices in this study
actually also reflect the chronic functional status of multiple organs — particularly of the bone marrow,
kidney, and liver — each of which can intersect with cardiovascular health and outcomes. Thus, while
underscoring crosstalk between the hematologic and cardiovascular systems, Truslow et al. illustrate
the potential for elucidating multiorgan system risk through analyses of highly prevalent, low-cost

input data from routine CBC blood draws.

There is still more work to be done. The extent to which findings from the current study will be
generalizable to other healthcare systems is not yet known. Future work is also needed to understand
how the same hematologic predictors may perform similarly across different patient groups including
those with or without comorbidities and prevalent disease. As with all biological markers,
hematologic indices also change over time and more rapidly in some situations than in others, and so
future analyses of temporal trends could offer more insights regarding the potential clinical utility of
these readily available clinical measures. Moreover, the degree to which hematologic predictors of
clinical risk may be responsive to therapies will need careful evaluation, particularly given that prior
attempts to directly treat the anemia alone (e.g. with transfusion, erythropoietin-stimulating agents, or

alternate interventions) have not produced uniformly favorable outcomes.>10

Notwithstanding the need for more work, the current study represents the next frontier of high-
throughput clinical phenotyping. The greatest potential for deep learning and intelligent decision

support systems to add value — earlier rather than later — is by teaching us how we can make better



use of already existing yet under-utilized medical information. Even before starting the clinical trials
that will be needed to test the efficacy of intelligent decision support systems, we can still gain benefit
sooner rather than later from tools that can facilitate more precise and earlier recognition of disease
risk based on readily available data. Such tools can allow clinicians facing difficult decisions in
clinical practice to more efficiently triage, more accurately diagnose, or more confidently manage
complex clinical scenarios. Importantly, we should not shy away from the pursuit of positive change
in increments. Even slight improvements in the diagnostic yield of relatively inexpensive tests —
especially those that produce readily accessible data — can substantially impact outcomes at the

population level.
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