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Big data has the capacity to transform both pediatric healthcare delivery and research, but its potential has yet to be fully realized.
Curation of large multi-institutional datasets of high-quality data has allowed for significant advances in the timeliness of quality
improvement efforts. Improved access to large datasets and computational power have also paved the way for the development of
high-performing, data-driven decision support tools and precision medicine approaches. However, implementation of these
approaches and tools into pediatric practice has been hindered by challenges in our ability to adequately capture the
heterogeneity of the pediatric population as well as the nuanced complexities of pediatric diseases such as sepsis. Moreover, there
are large gaps in knowledge and definitive evidence demonstrating the utility, usability, and effectiveness of these types of tools in
pediatric practice, which presents significant challenges to provider willingness to leverage these solutions. The next wave of
transformation for pediatric healthcare delivery and research through big data and sophisticated analytics will require focusing
efforts on strategies to overcome cultural barriers to adoption and acceptance.
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IMPACT:

● Big data from EHRs can be used to drive improvement in pediatric clinical care.
● Clinical decision support, artificial intelligence, machine learning, and precision medicine can transform pediatric care using big

data from the EHR.
● This article provides a review of barriers and enablers for the effective use of data analytics in pediatric clinical care using

pediatric sepsis as a use case.
● The impact of this review is that it will inform influencers of pediatric care about the importance of current trends in data

analytics and its use in improving outcomes of care through EHR-based strategies.

BACKGROUND
It has been estimated that approximately 30% of the world’s data
volume is being generated by healthcare.1 This has led to the
availability of big data, with characteristics shown in Table 1.2,3

Medicine and healthcare ultimately benefit from the insights
provided by data analytics for healthcare delivery. Improving
outcomes in medicine with big data requires the ability to
effectively and innovatively process and analyze data such as
individual and group data from medical and health informatics
(including electronic health records (EHRs), biomedical (including
imaging) data, and omics data (see Table 2)).
The ramifications of large and increasing volumes of health care

data are astounding for both clinical care delivery as well as
implications for generating new knowledge through research but
requires the adoption of both technical and cultural uses of data
analytics. In this paper, we will discuss the following potential use
of big data in clinical care and in improvement: how big data can
facilitate better improvement in local quality improvement (QI)
initiatives, how big data is used to scale up improvement in

collaborative learning, the uses of big data in clinical prediction
and decision support, the value of artificial intelligence (AI) and
machine learning (ML) in clinical practice, and personalized
medicine through the use of big data. We will use relevant case
examples and best practices in the diagnosis and management of
pediatric sepsis to illustrate the concepts described.

● Two key concepts that will underpin the discussion (data
analytics and clinical decision support) are explained in
Table 3. These concepts aid in describing an organizational
journey into advanced analytics capabilities (see Fig. 1).4,5

USING ANALYTICS FOR QI IN PEDIATRIC SEPSIS
In order to illustrate the use of big data for QI (either in a local
clinical care improvement project or in the use of collated big
data that can drive change collectively), we illustrate a case
example of pediatric sepsis. Sepsis is a potentially life-threatening
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complication of an infection in the blood and occurs when the
body’s efforts at fighting infection trigger an inflammatory
response throughout the body.6 It is one of the leading causes
of death in children worldwide.6,7 Timely recognition and
management of children with suspected sepsis has been
demonstrated to improve outcomes and has led to national
efforts at improving key processes and developing new interven-
tions through QI efforts.8,9 Although QI approaches can accelerate
the time to improved outcomes through a variety of methods,
critical to approaches for rapid cycle process improvement is the
use of data to understand the impact of a local improvement.
These data inform the QI team to determine whether the
intervention should be adopted as is, should be abandoned, or
should be iterated. This approach to Plan Do Study Act cycles of
health care interventions therefore requires timely data to inform
decisions for the next iteration of work10 (Fig. 2).
For example, to improve time to first bolus of intravenous (IV)

fluid in fluid resuscitation, a known best practice for the
management of sepsis, a healthcare system may use a push–pull
methodology to infuse fluids more rapidly than those delivered by
gravity on a hanging IV bag. The system may undergo educational
training and improve outcomes for some percentage of the time
hitting the target of first bolus in 20 min. However, the use of an
automated clinical decision tool in the EHR that recognizes a low
blood pressure and comorbid conditions may trigger an EHR-
based pediatric sepsis order set. This may further improve
compliance with the effort to improve timeliness of first bolus.
The local data systems are necessary to determine the impact of
efforts (percentage of patients for whom target was achieved), its
relationship to the intervention, and its impact on mortality.
Therefore, one of the biggest barriers for healthcare systems to
engage in QI work is having access to high-quality data (valid,
reliable, and timely).

USING ANALYTICS FROM COLLECTIVE BIG DATA IN PEDIATRIC
SEPSIS
An investment in a local analytics infrastructure is important, but
alone may not be sufficient to address relatively low prevalence
outcomes (such as mortality from pediatric sepsis) in a reasonable
period of time to drive improvement. Therefore, pooling of data
across institutions can overcome the challenges of research and QI

in improving outcomes for rare events through QI collaborations
where large data sets from thousands of episodes of an event
(e.g., pediatric sepsis) has been amassed, transformed, and
informed interventions that serve as best practices. Successful QI
collaborations have been described to have high performing data
collection, sharing, and transformation capabilities with timely
visualizations of processes and outcomes to drive rapid cycle
process improvement by demonstrating the interventions that are
and those that are not successful at improving processes and
outcomes.9,11,12 These have included the Improving Pediatric
Sepsis Outcomes collaborative with now over 300,000 episodes of
pediatric sepsis-related cases captured.9,12 This sepsis collabora-
tive gathers data from all participating hospitals to assess
performance pertaining to identified standards of care for key
processes in improving both timely diagnosis and effective
management of pediatric sepsis to identify and learn from best
practices. The collaborative transparently shares performance data
to enhance learning from practice variation between centers. QI
methodology accelerates the uptake of best practices in order to
improve processes of care, and ultimately outcomes for patients.
Requisite to the work is the sophisticated collection, curation, and
transformation of big data to drive improvement.

CLINICAL PREDICTION FOR DECISION SUPPORT IN PEDIATRIC
SEPSIS
Clinical prediction rules, also referred to as prediction models,
decision models, or risk scores, form the basis of many clinical
decision support (CDS) systems. Clinical prediction rules can be
broadly defined as “proceduralized efforts that assess the current
or historical characteristics of a patient in order to derive an
estimate of the future risk of target outcomes (prognostic), the
likelihood of a current specified disease state (diagnostic),
or likely response to treatment (therapeutic).”13 Following
either knowledge-based (rule-based) or non-knowledge based
(data-driven) types of CDS, the prediction of risk may be based on
decision rules or data-driven models. In pediatric sepsis, several
high-performing predictive tools have been developed for a wide
range of sepsis definitions and patient populations.14–16 A
continuous, automated EHR-based sepsis screening algorithm to
identify severe sepsis among children in the inpatient and
emergency department settings is an example of rule-based

Table 1. Six Vs of big data.

Characteristic Description

Volume Large amounts of data

Velocity High speed and frequency of data creation as well as data in motion

Variety Complexity and heterogeneity of multiple datasets

Veracity Data quality, relevance, uncertainty, reliability, and predictive value

Variability Consistency of data over time

Value Coherence of analysis making it valuable to patients and providers

Table 2. Omics descriptions.

Type of “omic” discipline3,55,56 Primary aim of the study

Diseasomics Study of all diseases and disorders of an organism (often focusing on those caused by genetic modifications)

Epigenomics Study of all epigenomic modifications on the genetic material within a cell

Genomics Study of all genes in an organism (in a broader context, non-coding parts of DNA are subject of the study)

Metabolomics Study of the whole set of metabolites within a cell, an organelle, a tissue, an organ, or an organism

Pharmacogenomics Study combines pharmacology and genomics to analyze the role of the genome in an individual’s drug
response in order to tailor drug selection and dosing to a patient’s genetic features

Proteomics Study of the structure, categorization, functions, and interactions that a protein can present with a cell, tissue,
or an organism
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prediction designed by experts to provide decision support for
early detection of sepsis.15 With increasing accessibility to large
healthcare datasets and computational power, more data-driven
approaches for prediction of sepsis have emerged by learning
from an institution’s sepsis data to refine a prediction tool with
weighted predictors that may not have been included or existing
predictors that had different weighting in the initial rule-based
model. Most of these rely on a combination of expert-informed
selection of predictors and application of a statistical model or
learning algorithm,14,16 such as the PELOD-2 score that has been
applied to the task of pediatric sepsis detection.17,18 More recent

models have relied more on knowledge gleaned from data
instead of experts by leveraging advanced AI and ML algo-
rithms.19–22 That has led to the description of high-performing
models for detecting early onset sepsis in neonatal patients that
leveraged statistical and algorithmic approaches to learn a model
from sociodemographic, laboratory, blood pressure, and body
measurement data without the potential bias of experts deciding
on the model.19

Despite the development of high-performing clinical prediction
rules in the last two decades, a majority are not routinely used in
clinical practice and studies of their uptake in clinical practice
remain low.13,23,24 Successful uptake has been associated with
three key considerations: (1) utility—the usefulness to providers,
(2) credibility—degree to which providers trust and believe in the
predictions, and (3) usability—perceived difficulty of using the
system.13 Influencing factors and successful strategies for addres-
sing each of these concepts are described in Table 4.

Table 3. Key concepts.

Concept Description Application

Data analytics The science of analyzing raw data to make conclusions
about the information

In the world of informatics, data systems increase in
sophistication from simple data gathering and
reporting, (such as from an EHR report on a patient’s
labs at the bedside), to aggregating and analyzing data
in populations or themes (“data analytics”), to predicting
patients at risk for a disease or worsening conditions
(”predictive analytics”), or linking health observations
with health knowledge to influence clinical decisions
(”prescriptive analytics” or “clinical decision support”)4,5

Clinical decision
support (CDS)

CDS links health observations with knowledge and
insights to influence the choices that clinical care
personnel make. It is a means to improve outcomes by
improving workflows through ease of documentation,
provision of alert information at the point of care, and
improvement in the cognitive understanding of the
clinician

An institution or practice’s hardware and software, and
data management processes are critical to its capability
to use CDS and often utilize electronic health records
(EHRs) as the vehicle to deliver that support.4,5 CDS in
electronic health systems can be broadly categorized
into two types based on the underlying approach to
decision making:
(1) knowledge-based (or rule-based) that relies on rules
and associations of compiled information obtained from
domain experts;
(2) non-knowledge based (or data-driven) systems that
employ statistical and artificial intelligence (with or
without machine learning techniques) to identify and
learn from patterns in data57,58

Improved
patient
outcomes

Organizational
maturity in analytics
over time

Data
reporting

Data
analytics

-EHR clinical
reports

-Shortening event
to reporting time

-Risk models
-Screening tools

--Linking
likelihood of
outcomes to care
decisions for
populations

--Integrating best
evidence into
delivery system
infrastructures
-EHR based
recommendations
and alerts
-Integrated care
across
continuums
-Utilizing big data
bi-directionally
(generating
models from
collected data)

-Trigger tool fires
an alert/ opens an
order set (e.g., a
sepsis trigger tool
fires and opens a
sepsis order set)

-Linking strategies
across former silos
in infrastructures

-Predicting
financial
outcomes

-Transforming
data and
translating to
applicable clinical
insights

-Data about
cohorts

transformed to
information (e.g.,
meeting targets
for time to first
bolus among

those with
suspected sepsis)

-Financial reports

-Lab results (e.g.,
 lactate or WBC)

-Numbers output
of EHR reporting

system

-Patient profiles

Predictive
analytics

Prescriptive
analytics

Fig. 1 Healthcare organizational maturity in analytics over time
using sepsis as a case study. Improved patient outcomes can be
realized for an organization as it progress through the various
phases of analytics maturity, which are depicted here in grey boxes,
with maturity level increasing from left to right. Below each phase of
maturity, examples of relevant activities and data products for a
sepsis case study are listed.

Aims: What are we
trying to accomplish?

Measures: How will we know
that change is improvement?

Interventions: What change
will result in improvement?

Model for improvement

Act

Study

An
aly

tic
s

Do

Plan

Fig. 2 The model for improvement adapted from Langley et al.65.
The crux of QI approaches is a rapid iterative approach to change
implementation involving four phases: (1) Plan—state what you will
do; (2) Do—put your stated plan into action; (3) Study—evaluate the
results/impact of your implemented plan; (4) Act—adapt, adopt, or
abandon your plan based on what you learn.

C.G. Macias et al.

384

Pediatric Research (2023) 93:382 – 389



In both adult and pediatric sepsis, predictive performance has
been the primary focus of most evaluation studies.14,16,25,26 High
performance in sepsis prediction is critical in order to prevent
missed cases while minimizing over-diagnosis that may lead to
unintended consequences (e.g., alarm fatigue or inappropriate or
overuse of antibiotics);25,27 however, little attention has been paid
to other factors that may influence adoption and acceptance into
clinical practice. There is evidence that implementation of
pediatric sepsis prediction tools may be associated with decreases
in acute kidney injuries, hospital and ICU lengths of stay, mortality
rates, and durations of organ dysfunction.25 Unfortunately, impact
assessments on outcomes are challenging due to difficulties in
isolating the effects of sepsis prediction tools from larger QI
programs and wide variability in definitions for sepsis affecting the
inclusion of cases considered in those studies.14,25 One pediatric
sepsis prediction system providing continuous predictive analytics
monitoring of ECG data to detect neonatal sepsis assessed both
impact on outcomes and provider perceptions and adoption after
implementation into practice.28,29 A significant reduction in sepsis-
related mortality for very low birth weight neonates was
demonstrated in a multi-site randomized control trial.28,29 Action-
ability of information, integration into workflow, provider clinical
background, and clinical leader use of system were critical factors
influencing its use and adoption in one hospital.29

In the era of big data, clinical prediction for decision support will
likely see a drastic increase in the availability of high-performing, data-
driven predictive models. These models may be complex and present
knowledge unfamiliar to providers, which will present unique
challenges in assuring the actionability and face validity of the
information provided by these models. More focus will need to be on
how to successfully implement these models into clinical practice as
decision support tools. This could be enabled by adopting user-
centered approaches to CDS system development, validation,
implementation, and refinement. In the case of a sepsis CDS tool,
this would include involving clinical providers (e.g., nurse, physician,
trainee) who will be the end users of the tool in every stage of the
tool’s lifecycle. There will be an increased need for more rigorous
utility and usability assessments of these types of systems to better
understand factors that may influence their adoption and acceptance.

THE ROLE OF AI AND ML
As one considers the future of advanced analytics, it is impossible
to envision it without AI and ML. AI is not one thing but

encompasses a wide variety of activities that use computerized
technology to perform tasks commonly associated with human
tasks, such as playing strategic games, translating language, or
computer-based image recognition. It has been used to develop a
variety of innovative CDS systems. It has shown great potential in
predicting the clinical condition of patients and assisting in clinical
decision-making. AI-derived algorithms can be applied to multiple
stages of disease diagnosis and management such as those
related to sepsis: as early prediction (a sepsis alert tool), prognosis
assessment (a prediction flag in the EHR that computes a likely
sepsis outcome that could include mortality), and optimal
management (that may be based on comorbid conditions such
as cancer and immunosuppression, thus recommending a specific
class of antibiotics).
ML is a subset of AI involving the use of algorithms to analyze

historical data to predict new output values. The results of that
learning are used to make predictions and decisions about events
in real health care settings. ML can be classified according to
different learning methods such as supervised learning (learning
from labeled data or data where there is prior knowledge of an
expected output value), unsupervised learning (learning from
unlabeled data), and semi-supervised learning (learning from a
combination of labeled and unlabeled data).30,31 As an example, a
ML approach for creating a prediction model to predict which
patients may have sepsis 6 h in advance may use computer
technology and software to input several variables from the EHR,
including laboratory values, vital signs, and comorbid conditions
(beyond those variables that subject matter experts would have
included). Similarly, ML could be used to develop a prediction
model to predict sepsis in a pediatric ICU using multiple EHR
variables and include other inputs such as bedside monitor data
for mean arterial pressure, heart rate and oxygen saturation levels.
This model could be converted into CDS to alert clinicians as to
the risk, and link to sepsis management guidelines.
The definition of what constitutes a ML model can be quite

broad, and it is better conceptualized as a spectrum between fully
human-guided versus fully machine-guided data analysis.32

Several ML models for early detection of neonatal sepsis that
were developed by applying learning algorithms to a set of
predictors selecting through expert and literature input fall quite
low on the “ML spectrum.”33 On the other hand, a model to
predict early sepsis in neonates that leveraged statistical
approaches to identify predictors and a neural network algorithm
to learn a predictive model would fall much higher on the “ML

Table 4. Influencing factors and successful strategies for improving uptake of clinical decision rules.

Concept Influencing factor Strategy for uptake

Utility Studies of the potential impact to care decisions and clinical
outcomes are lacking13,23

Successful clinical prediction rules target a problem that
providers view as important and have risk predictions that can
be linked to or are accompanied by actionable
information.13,59 The perceived value and actionability of
information they provide will likely be influenced by both
characteristics of users (e.g., clinical experience, data and
technical literacy, fear of litigation) and whether the effort
required to use the system detracts from other important
activities13

Credibility Prediction performance receives the most attention when
assessing the potential credibility of a clinical prediction rule.
However, it has been found that providers are unlikely to accept
predictions that do not exhibit clear face validity or plausibility,13

which may reflect desires for predictions to be trustworthy and
actionable

Strategies shown to improve the perceived credibility of a
predictive model include involving stakeholders in the model
development process,60 incorporating healthcare provider
feedback and knowledge into the model,35 and establishing
“buy-in” through endorsement by professional bodies or
clinical champions13,28

Usability Although formal studies of the usability of clinical prediction
rules are rare,13 in general, decision support systems are more
likely to be accepted for use in practice if they are well
integrated into and provide support for existing
workflows13,59,61,62

To ensure successful uptake, risk prediction tools should be
computerized, automated, and integrated into EHRs,13,63

leverage visual representations to improve risk interpretation
and reduce the potential for information overload,13,63,64 and
offer appropriate training and support on proper use13

C.G. Macias et al.

385

Pediatric Research (2023) 93:382 – 389



spectrum.”19 With the advent of big data and increased
computational power, models that sit higher on the “ML
spectrum” will likely form the basis of many future CDS systems.
However, as noted in the prior section, adoption and acceptance
of these models in clinical practice may be challenging due to
their complexity. This is especially true for models traditionally
considered “black boxes,” or models that lack interpretability (also
described as the ability of a human to understand factors
contributing to a model’s behavior).34 With increasing societal
concerns and regulations on intelligent algorithms,34 recognition
of the importance of incorporating providers’ and domain
knowledge in modeling processes,32,34,35 and provider demand
for model explanations,24 interpretability will be vital to the future
successful application of ML models in healthcare.
The application of ML algorithms has been described in a

variety of pediatric diseases such as bronchiolitis,31 but ML in
more complex and less defined diseases such as sepsis (with less
concurrence on prospective gold-standard sepsis definitions) has
had limited positive results, but has become more promising with
larger data sets and more expansive capabilities for processing big
data.14,36 These approaches to developing models to predict some
relationship or event have been applied to research (e.g., omics)
and health care delivery (e.g., sepsis) and have exhibited high
degrees of performance on complex problems in medicine.

INTEGRATING CONCEPTS INTO PERSONALIZED MEDICINE IN
PEDIATRICS
Pediatric advancements have been largely hindered by great
heterogeneity within the age spectrum seen in the specialty.
Although the quality and complexity of care has improved in
invasive and noninvasive monitoring devices, laboratory tests,
imaging modalities, and therapeutics, the field’s ability to garner
precision or personalized medicine approaches amid a backdrop
of well-established “normals” has been lacking.37 Furthermore, this
heterogeneity within the pediatric populations have made mean-
ingfully powered randomized control trials exceedingly difficult to
attain. Thus, the field has become reliant on extrapolation of adult
studies, which furthermore compound a lack of age-specific
refined diagnostics and therapeutics.
Several factors can explain why adult trials struggle to translate

into the pediatric population. Adult patients are affected by several
comorbidities associated with aging and lifelong behaviors such as
poor diet and smoking causing atherosclerosis, coronary artery
disease, atrial fibrillation, chronic obstructive pulmonary disease,
obesity, diabetes mellitus, chronic kidney disease, and liver cirrhosis.
These common pathologic entities create a significantly more
homogenous critically ill adult population when compared with
acutely ill children. Children, on the other hand, have age-specific
physiological changes, lack the same degree of comorbidities, and
suffer from different degrees of multiorgan dysfunction.38,39

Additionally, variability in the host immune response to infection
impacts individual mortality risk, and the recent advances in
immunophenotyping children with sepsis show great promise in
improving outcomes through precision therapy.40 Likewise, adult
critical care trials also most often target mortality as the primary
outcome. Since children often have a much lower rate of mortality
than adults for any given organ system failure, these modest
changes in a large adult trial are often diluted to insignificant when
evaluating a pediatric cohort of patients.41,42 Trials of targeted
therapies will undeniably continue to yield equivocal or negative
results until we can improve classification of disease.
Similar challenges have been seen in the development of

targeted therapeutic approaches in sepsis, where 50 years of trials
have been unsuccessful leading to a sole focus on supportive
care.43–45 These hindrances in sepsis may be secondary to trials
that apply therapies in a “one size fits all” strategy without a
clear understanding of different clinical and pathophysiologic

phenotypes. For decades, researchers and clinicians have focused
on trying to unravel the complex response of the immune system
to sepsis. Despite >100 trials targeted at improving outcomes
from sepsis, sepsis remains a leading cause of death in both the
United States and the developing world.46–48 Thus, specific
definitions of sepsis based on a careful understanding of different
immune, hemostatic, or physiologic alteration in phenotype are
difficult. This is very similar for the field of pediatric acute care
where a lack of clear definitions of pediatric-specific disease
entities that account for heterogeneity has hampered the ability
to appropriately study specific therapies.
As an example, although precision therapy for cancer patients

can map each patient’s unique tumor mutation profile and
therapies for autoimmune diseases can identify and target
individual cell type and/or cytokine dysregulation, there remains
a void in patient phenotyping for many diseases such as sepsis
that would allow for similar individualized therapies. To under-
score the critical need for a method to phenotype these patients
with sepsis, we have to look no further than the coronavirus
disease 2019 (COVID-19) pandemic. While many COVID-19
patients were being treated with drug therapies that block
cytokine signaling or suppress immune effector cell function,
other COVID-19 patients were being treated with drugs that
enhance or restore the immune response.49 Thus, diametrically
opposing therapies were being used in identical COVID-19
cohorts without any approach that could reveal their immuno-
logic endotype. For the development of precision application of
new immunomodulatory therapies in sepsis to succeed, there is a
critical need for a diagnostic modality that can both determine
the functional state of the patient’s immune system in a
quantifiable manner as well as evaluate the effectiveness of
potential immune restorative therapies.
To improve the field’s understanding and specificity in refining

definitions of pediatric disease, new paradigm shifting approaches
in ML, predictive modeling, functional immunophenotyping, and
AI may enable opportunities to overcome these challenges. With
the rapid growth both in computing power and data storage that
has enabled a wide range of applications for ML and AI within
medicine, AI and ML have impacted drug discovery, personalized
diagnostics, therapeutics, and medical imaging.50,51 However,
leveraging these advances is challenged by ways to improve the
AI output from existing phenotype or endotype development. For
instance, immuno-adjuvant therapy to boost host immunity has
been proposed as a potential adjunctive powerful weapon in the
arsenal for sepsis, but the inability to carefully appropriate these
therapies has been hindered by a paucity in functional under-
standing of an individual’s innate and adaptive immune function
against underlying epigenetic alterations, environmental cues, and
other pathophysiology temporal to the acute disease and its
evolution. It is challenging to identify clinical “cues” that may
inform clinicians which patients will require closer surveillance for
clinical decline. The fundamental development of predictive
modeling initiated after robust scientific characterization at the
bench and integrated with clinical signs could establish an
accurate reflection of host protective immune status in pediatric
septic patients in theranostic application.
The ultimate goal of personalized medicine is to be able to

accurately decipher which patient has a disease, what is the impact
of that disease on relevant clinical outcomes, and identify best
treatments for that patient based on unique physiologic, genetic,
immunologic, and hematologic responses. The utilization of AI and
ML has been challenging in sepsis as sepsis is a disease that is
dynamic with changes in immunologic and hematologic perturba-
tions; any technology must take into account that a patient changes
by the minute. Although AI and ML have assisted with early
prediction of septic shock, improving the accuracy of diagnosis,
shorter time to antibiotics, and in development of sepsis bundles,
this has not translated to the individual patient in management
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decisions separate from supportive adjunctives.30,42,52,53 Further-
more, predictive models to predict sepsis have not performed better
than clinicians and may have issued false alarms on patients without
evidence of sepsis.54 Sadly in sepsis, the field has not developed the
ability to assess in real time individual patient pathophysiological
alterations over time.
The use of data analytics will likely become only helpful in

management of patients after the different functional pathophy-
siologic responses and understanding of pattern recognition of
various clinical parameters have established specific patient
endotypes that can be applied to real-time clinical variables.
Presently, the field is utilizing a multiomic evaluation of children
with sepsis in a number of studies which will greatly enhance the
development of these predictive models and application in AI and
ML. Secondly, hospitals will need to better equip each hospital bed
with continuous monitoring for key vital signs so that timely
acquisition of these variables can be integrated into modeling
strategies. The ability to mine sensor-generated data streams for
physio-markers against functional “omic” changes is beholden to
successful acquisition of data point collection en masse and in a
timely fashion. Lastly, the lack of success of electronic medical

record AI technologies that grossly underperformed their pub-
licized hype has created a barrier among clinicians to readily adopt
and implement these strategies into clinical practice. Although
many barriers and enablers to improving pediatric health care
delivery with robust data analytics for the EHR exist, among the
greatest limiting factor will be adoption by caregivers thus
institutions should embrace the enablers described herein (Table 5).

CONCLUSION
We have described the use of big data to drive QI in local clinical
settings as well as its use in collated form to drive collective
learnings and improvements across systems through collaborative
learning. We have also described the use of big data as the
foundation for clinical prediction and decision support, inclusive
of its use in AI and ML. All of these factors can be leveraged to
drive personalized medicine. However, the complexity of pediatric
diseases such as sepsis provides ongoing challenges to the
optimization of advanced analytics in delivering personalized
solutions in healthcare. Perhaps the greatest challenge to
adoption of sophisticated analytics in research and healthcare

Table 5. Barriers and enablers to effective use of big data from EHRs.

Activity Description Potential barrier(s) Potential enabler(s)

Ensuring data validity Critical to ensuring data validity and
reliability prior to its use in reports,
CDS, AI or ML, otherwise outputs
will not be reliable

Disparate data sources and
confounding data definitions
across entities using the data

Sufficient governance structure to
ensure the appropriate use of data,
standardization of the definitions of
measures, and security of the data

Using a hybrid of paper-
based and EHR orders
and documentation

Many institutions may be in
transition from paper to full
automation or not yet transitioned
to an EHR

Resources necessary to fully
convert to EHR and the culture
around conversion may be a
barrier when end-users
resist change

Federal strategies continue to
endorse conversion to EHR;
expanded uptake of EHR has made
conversions easier with greater
knowledge of best practices

Using data to drive
quality improvement

Data is necessary to understand
whether QI interventions should be
adopted, adapted, or abandoned

Quality and safety teams may have
challenges obtaining meaningful
data to drive rapid cycle or long-
term process improvement

The early integration of Information
Technology personnel with quality
improvement teams; utilization of
predefined metrics to ensure
alignment in institutional priorities

Developing clinical
decision support tools

An institution or practice’s
hardware and software, and data
management processes are critical
to its capability to use CDS

Challenges in finding expertise for
the development, implementation,
and monitoring of CDS tools

Engaging with EHR-specific, disease-
specific national workgroups and
exploring adoption in EHR decision
support libraries

Analytics for low
prevalence outcomes

Using data to drive improvements
for diseases where the outcome in a
single institution is uncommon
(e.g., mortality in pediatric sepsis)

Gathering data for enough cases to
draw insights into the impact of
interventions and thus define best
practices

Well-defined process and outcomes
measures determined a priori from
reliable and valid institutional data
sources; participating in quality
collaboratives where data are pooled
from multiple sites and learnings are
shared across the collaborative
members

Uptake of clinical
decision rules

After the build of a prediction rule,
providers must engage in the
implementation systems to drive
outcomes

Providers may be slow to uptake
statistically high-performing
clinical prediction rules

Improving the prediction rules’
utility for the providers, credibility in
the predictions, and usability of the
system within the EHR

Adoption of AI- and ML-
derived CDS

Confidence in the use of
technology driven analytics tools
that mimic human intelligence

Cultural acceptance of AI and
machine-derived models vs
human-derived models may limit
adoption

Incorporating providers and domain
knowledge expertise in the
modeling processes and
implementation strategies; maximize
transparency to the model’s
methods of derivation

Advancing personalized
medicine

Growing the ability to use precision
or personalized medicine to treat
pediatric diseases

Heterogeneity in disease classes
hinder development of targeted
therapies

Research focused on improving the
classification of pediatric diseases;
accelerate discovery through the use
of powerful computational methods
(AI and machine learning); growing
the ability to equip hospital beds
with continuous monitoring and
harvesting of that data

C.G. Macias et al.

387

Pediatric Research (2023) 93:382 – 389



delivery is cultural and requires substantive adaptive change by
caregivers to understand and adopt the power of bench-to-
bedside to computer-to-bedside approaches to improving diag-
nostic accuracy and therapeutic effectiveness.
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