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Abstract

Neonates and children in low-and-middle-income countries (LMICs) globally contribute to the highest number of
sepsis-associated deaths. Interventions to prevent sepsis mortality are hampered by a lack of comprehensive
epidemiological data and pathophysiological understanding of biological-pathways. Here, we discuss the
challenges facing LMICs in diagnosing sepsis in this age group. We highlight a role for multi-omics and big
eHealth-data to improve diagnostic accuracy of clinical algorithms, arguing that healthcare systems urgently need
precision medicine to avoid pitfalls of missed-, mis- and over-diagnoses and attendant antimicrobial resistance.
We discuss ethical, regulatory and systemic barriers related to the collection and use of bigdata in LMICs.
Technologies such as cloud computing, artificial-intelligence and medical tricorders may help but require
collaboration with local communities. Co-partnering could facilitate integration of these technologies as part of a
future care-delivery system, offering a chance to transform globally the management and prevention of sepsis for
neonates and children.

Box 1: Search strategy and selection criteria

We searched PubMed and African Journal Online to identify studies (original research, commentary,
reviews) pertaining to neonatal and paediatric sepsis (including infants under one year of age for the latter), as
well as clinical studies presenting data on mortality under 5 years of age, published over the past 15 years.
Keywords used for searches included: neonatal sepsis, sepsis in children, risk factors for neonatal sepsis, risk
factors for sepsis in children, epidemiology of sepsis in children, diagnosis of sepsis in children, biomarkers in
neonatal sepsis. We also searched PubMed for Al, ML, EHR, cloud computing and medical tricorder
technologies. Several national and regional studies were identified worldwide. We also reviewed PubMed and
African Journal Online which looked at sepsis prevalence, aetiology, risk factors, diagnostics
including biomarker (transcriptomic, proteomic, metabolomic, etc.) in paediatric or adult populations that
included infants under 1 year of age. There were only few biomarker studies in developed countries, none
specifically done in LMIC. Studies that did not separate data from infants or neonates were excluded as were
cases with very low numbers of samples and where blood culture was not done were not considered.

Introduction

In 2017 an estimated 20.3 million children under-five years old developed sepsis, resulting in 2.9 million global
deaths, the majority (85%) occurred in low- and middle-income countries (LMICs).*? In sub-Saharan African
countries almost half of neonatal deaths are accounted for by sepsis.®* Global disparities in access to healthcare
are well documented, especially for young children, pregnant women and the elderly.>>6 Despite the major public
health impact of sepsis in neonates and young children, there are limited data on the aetiology, and the biological
causal pathways accounting for deaths in LMICs, significantly hampering development of effective
interventions.”

Most LMICs follow the World Health Organisation (WHO) guidelines on Integrated Management of Childhood
IlIness when assessing a child with suspected sepsis.® This syndromic approach to managing these cases without
laboratory tests has drawbacks, and hinders tailored treatment options based on aetiology. Sepsis due to bacterial
infection requires urgent antimicrobial treatment to maximise survival-23, Yet, overusing first-line antibiotics has
led to the rapid expansion of antimicrobial resistance (AMR), particularly in LMICs.® The lack of access to
effective therapy for AMR pathogens constitutes a global threat to effective sepsis management.

The last decade has seen an explosion of data-intensive health research underpinned by improved computational
capabilities and molecular technologies to rapidly acquire and process complex biological and clinical data.
Genomics, hastened by the Human Genome Project, and further catalysed by advances in high-throughput,
technologies and bioinformatics methods, has enabled the acquisition of big multi-‘omic’ data, these include
primarily transcriptomics, proteomics and metabolomics. Digital technology, engineering and wireless
connectivity of mobile devices are now enabling the collection of these data on a large-scale, increasingly
including remote areas.®!! These technological developments open the way for precision medicine, offering
opportunities to improve health outcomes where the greatest burden of disease and mortality occurs and reduce
the global health gap. The WHO highlighted the potential to achieve improved population health through precision
in healthcare delivery and the use of data through collaboration.'> The WHO SCORE (Survey, Count, Optimise,
Review, Enable) global report urges countries to strengthen health-data systems, providing technical packages
and support to improve data registries and collect better quality data.'® This aims to provide an evidence-base for
identifying low-cost context-specific recommendations, while opening possibilities for more advanced
technological data-driven innovation. These near-term steps to strengthen acute healthcare delivery systems and
the promotion of context-specific management guidelines have been comprehensively discussed.**



Practical problems remain in applying these data-driven approaches in LMICs, including ethical, regulatory and
systems barriers related to the collection and use of sepsis data (Figurel). In comparison to other sectors, the
health sector in LMICs has yet to harness the potential of large-volume digital clinical data and multi-‘omic’
systems-level patient data, to achieve a step-change in precision for sepsis diagnostics and therapeutics.'® The
debate on big healthcare data in LMICs has focussed on highlighting governance frameworks to protect
individuals and to guide healthcare delivery systems to meet the target community needs.'® The role advanced
technology may play in improving health is gaining attention, yet the end user need in LMICs must be clearly
identified and a collaborative approach taken.t” Context-specific user requirements in LMICs must be well-
understood through iterative user feedback from healthcare workers. While barriers to implementation should not
be underestimated, there is an opportunity for LMICs to become early adopters, co-developing the next wave of
diagnostic technologies.

We focus on the potential to save young lives from the impact of sepsis, highlighting clinical issues and
limitations, ethical implications, and societal concerns related to current and future use of big-data (multi-omics
and heath records) for enabling precision medicine in LMICs. We propose key technological stepping-stones
LMICs should consider for harnessing, at earlier rather than later stages, the emerging point-of-care and medical
tricorder technology, cloud computing and artificial intelligence (Al).

End-user need in LMICs: Sepsis aetiology and antimicrobial resistance

In young children, sepsis is often clinically defined as a systemic inflammatory response in the context of
confirmed bacteraemia (definite sepsis) and/or abnormalities in relevant laboratory markers (suspected sepsis).
Evidence of the sepsis-related Systemic Inflammatory Response Syndrome (SIRS) generally includes any two of:
rectal temperature >38-5°C or <36°C; heart rate more than two standard deviations (SD) above the normal, or
bradycardia in children older than one year of age (<10th percentile for age); respiratory rate more than two SD
above normal (or pCO2 <32 mmHg); leukocyte count >12,000 cells/mm3, <4,000 cellsymm3, or >10% band
forms.?* This definition lacks sensitivity and specificity, failing to account for infection organism, sites of infection
or early diagnosis. For neonates signs can be more subtle with closer overlap between infectious and non-
infectious syndromes, and often only recognised by the mother as being “not right”. Moreover, the definition is
impractical in most resource-limited settings where monitoring technologies and diagnostic laboratories for
routine blood culture or viral molecular testing and blood counts are mostly unavailable. Predominantly, the
diagnosis (and empirical treatment) often rests on the classification of clinical signs by community-based
healthcare workers.?>% Without early recognition and appropriate treatment sepsis can rapidly deteriorate into
septic shock with its attendant high mortality. Hence the urgent need to develop screening tools and methods more
suited to pre-hospital assessment and rapid early detection of infection.

Although aetiologic agents triggering sepsis include bacteria, viruses, fungi and parasites, the focus remains on
bacterial infections due to effectiveness of antibiotic treatment, yet, access to the “right’ antibiotic in many LMICs
is problematical, increasing the risk of AMR.?%%" A potential unintended consequence of early intervention, in the
absence of a clear diagnosis is inappropriate antibiotic use. Resistance has emerged against commonly available
and affordable antibiotics in many LMICs, especially in hospitals posing challenges to treatment, and where the
use of carbapenems and the cephalosporins/beta-lactamase combinations are rarely available and/or unaffordable.
A global meta-analysis in the paediatric population showed that resistance to ampicillin, nitrofurantoin, co-
amoxiclav and ciprofloxacin antibiotics was higher in non-Organisation for Economic Co-operation and
Development (OECD) than OECD countries, with resistance rates higher to first-line than to non-first-line
antibiotics.?8?® Evidence shows previous antibiotic exposure can more than double the risk of AMR for respiratory
and urinary tract infections.?® Highlighting the precarity between antibiotic use and their effectiveness, and the
urgent need for improved diagnostics with improved specificity and negative predictive value, to inform a more
judicious use of antibiotics.

In LMICs almost two-thirds of bacteraemia in children is caused by gram-negative bacteria (GNB), most
notably Klebsiella spp, and E coli. Evidence suggests that causative organisms for neonatal sepsis are balanced
between Gram-positive (mainly S. aureus) and GNB in community healthcare settings in LMICs, however,
GNB dominate neonatal sepsis in home-born infants and hospital settings.**° Considering increasing AMR to
GNB, data to model optimum choices of antibiotics and identify emerging trends of resistance would transform
management and outcomes in LMICs.3! In very low birth weight premature neonates, compromised barrier
integrity poses a further risk of sepsis due to commensals such as coagulase-negative Staphylococcus aureus;
and while treated as pathogens in neonates in high-income countries (HICs) are considered contaminants in
LMICs, where few very premature neonates survive.*°

Limitations of standard blood culture tests in LMICs



The Surviving Sepsis Campaign guidelines recommend obtaining blood cultures before antibiotic treatment in
neonates and children with suspected sepsis, followed by empiric antibiotic administration within one hour of
presentation.® Cultures of blood, urine, and cerebrospinal fluid, as well as other body specimen based on the
patient’s presentation, are critical for diagnosis and identifying the focus of infection. Blood cultures are the
cornerstone of definitive aetiologic diagnosis and targeted antibiotic treatment in sepsis, but have very low
pathogen positivity (5-10%) and are frequently contaminated by skin commensals owing to poor aseptic technique
during culture collection.®33* Additionally, turnaround time for cultures exceeds time available before a decision
needs to be made about initiating antibiotics, contributing to overuse of antibiotics in situations where bacterial
sepsis is only one possibility. The lack of access to, and unaffordability of, laboratory tests in LMICs obscures
our understanding of the epidemiology and aetiology of sepsis in these areas of the world.”3®

The fear of missing a true bacterial sepsis case leads clinicians in LMICs to give prolonged courses of broad-
spectrum antibiotics in neonates and children. Automated blood culture systems that support the growth of a wider
range of organisms and at lower inoculum levels than manual systems are not widely available in many LMICs.
In addition, the presence of antibiotic removal devices such as resins which help to enhance microbial growth in
the presence of antibiotics, as well as the continuous agitation of bottles by the system to encourage bacterial
growth are scarce.3" Newer diagnostic platforms present significant barriers for LMICs in terms of high cost,
being bulky and requiring technical expertise and laboratory facilities (Figure 1). Even where microbiology
laboratories are available many lack necessary resources and almost none provide updated systems (institutional
or national) level antibiograms, and recommendations based on actual antibiotic sensitivity data to inform
appropriate empiric antibiotics selection (Figure 1). Molecular methods offer advantages over blood cultures,
including increased sensitivity and rapid diagnosis.*®3°4° However, testing laboratories are not common outside
research and there are few virology laboratories in LMICs, so the diagnosis of viral sepsis cases remains an
underappreciated cause of sepsis further driving overuse of antibiotics.

Limitations of current host biomarker tests

Host biomarkers provides an important part of the clinical picture. These include Procalcitonin (PCT), available
as a point-of-care assay* that has clinical usefulness in determining the termination point of antibiotic therapy
rather than in establishing a diagnosis-+«PCT, like most other single inflammatory biomarkers, is not specific for
infection as it can be elevated in other disorders, especially following trauma,*>*3and although its sensitivity in
adults is 70-77%, it is only 49% shortly after birth. Its values are also influenced by day-of-life and gestational
age amongst others.** CRP is an acute phase reactant that is produced in the liver in response to inflammation
and is a useful low-cost biomarker. Serial measurements of CRP levels are required, as one-off tests lack
sensitivity, therefore has limited usability for rapid assessment. Also, CRP values for neonates are influenced by
events around birth such as premature rupture of membrane, maternal fever, meconium aspiration, fetal distress,
gestational age..*%%6 Tests require skilled human resource and when available are often too costly for most families
in LMICs, who mostly self-fund healthcare. The implementation of rapid, near patient systems for CRP/PCT that
are cheap, easy to use and generate accurate results are becoming available in LMICs and may improve
antimicrobial stewardship, but still lack the high specificity and negative predictive value needed to be confident
about withholding antimicrobial treatment.

Research has continued to try and find the ‘right’ biomarker; leading to the investigation of approximately 200
different inflammatory biomarkers for sepsis, but none have yet to be used in diagnosis.*”“® A key challenge is
the ability to rapidly test blood samples directly without prior culture, to differentiate culture-negative sepsis from
non-infectious SIRS, and to be universally suitable for point-of-care use. With the challenges and time required
for microbial identification of pathogens, host biomarkers still have a strong potential role to play. A biomarker
with high sensitivity, specificity, speed and accuracy would be revolutionary, as every hour of delay of treatment
may increase the mortality of septic shock.*® The use of a single biomarker for identification of sepsis, and
especially inflammatory based biomarkers, is fraught with specificity and sensitivity problems. A single
biomarker measured at the time of suspicion of sepsis ignores that the host responses are complex multi-system
biological processes or pathways that evolve, with each pathway having specific roles temporally.

Future host molecular multi-omic biomarkers for diagnosis

For over 20 years profiling using omic-approaches to identify signatures unique for each pathogen has been
discussed as a novel tool for diagnosis, prognosis, and clinical management of infectious diseases, %! but remains
to be embedded in clinical practice. Genomic signatures for infection type and sepsis have provided the necessary
proof-of-principle studies in HICs.5253These now need to be followed by large-scale multi-cohort validation
studies, including in LMICs (Figure 2).



An overriding advantage of genomic and/or multi-omic signatures is the ability to measure multiple different
pathways. Current standard diagnostic technology in HICs typically accommodates no more than a few
biomarkers, and has mostly been optimised for single analytes.>* Accordingly, small subsets of genomic markers
that can be used with clinical algorithms to improve diagnostic accuracy have been sought. An example is work
in critically ill septic paediatric patients where genome-wide expression profiling identified 12 candidate
prognostic biomarkers; five of these marker genes were selected, based on predictive value; interleukin-8 (I1L-8),
C-C chemokine ligand 3 (CCL3), heat shock protein 70 kDa 1B (HSPA1B), granzyme B (GZMB), and matrix
metalloproteinase 8 (MMP-8).5° To increase accuracy a risk model incorporating other clinical parameters, such
as platelet counts, was necessary for broad efficacy to estimate a specific patient’s risk of mortality from sepsis.*
This study provides evidence that linking genomic and clinical data improves accuracy as well as highlighting the
need and challenges for using multi-parameter digital diagnostics. Global large-scale prospective studies are
needed to demonstrate that these biomarkers can be implemented and can reduce unnecessary antibiotic use in
healthcare delivery (Figure 2).

Genomics studies are largely focused in HICs and the question remains as to whether it is possible to develop
genomic signatures with high accuracy, especially in LMICs.557 To address this question and identify the optimal
number of genomic biomarkers needed to accurately classify sepsis, a virtual clinical trial accounting for high
variability was conducted using high-performance supercomputing simulation.= The virtual trial involved
generating a digital population capturing data characteristics of neonatal whole blood (Figure 2), and revealed
genomic signature are capable of accurately identifying sepsis. Modelling this digital population predicted 24
biomarkers as an optimal number for predicting neonatal sepsis.= The performance improved when considering
pathways rather than random assortment of genes. Importantly, these digital populations can be adapted to data
characteristics captured in LMICs using early-life multi-omic data that is beginning to emerge in LMICs.== In a
subsequent prospective case-control investigation of neonatal sepsis 19 genomic biomarkers, comprising three
pathways, were found to provide 0% misclassification.so A systems biology and Al analysis of the systemic host
response in neonatal sepsis identified three principal pathogenic pathways, involving networks associated with
elevated innate, suppressed adaptive and critically altered metabolic pathways that when combined generated a
classifier showing high accuracy (>99%) of predicting bacterial sepsis in an independent population.>-6! These
studies need to be extended to LMICs where baseline levels and epidemiology of sepsis may differ from HICs
(Figure 2).

This neonatal classifier for bacterial sepsis does not score positive for viral sepsis cases suggesting high specificity
for discerning a bacterial sepsis aetiology. Further research is required to identify a pathway classifier for viral
sepsis. A limitation of such studies is whether these makers associate with severity. Many published genomic
signature studies of infection or sepsis are no more than proof-of-concept studies and require large-scale
independent validation (Figure 2). Demonstrated in the meta-analysis of multiple tuberculosis studies where a
small subset of genomic signature-biomarkers are shown to be reproducible between studies.®?

Neonatal sepsis findings highlight the drawback of using exclusively inflammatory biomarkers and show the
necessity for employing other pathophysiological pathways, most notably metabolism. In this connection, cellular
bioenergetics drive innate immune responses and at the same time are closely linked to the maturation stage of
myeloid cells during development.®® While metabolic markers, such as lactate levels, have been empirically
adopted for sepsis diagnosis, the neonatal studies provided the first evidence for the pathophysiological
significance of integrating metabolic biomarkers in identifying sepsis at the time presentation.

Future digital diagnostics

Al and Machine Learning (ML) have vast potential to improve healthcare research® and in LMICs may help
eradicate health inequalities and decrease the burden on healthcare systems (Figure 2). Widely available mobile
phone-based applications that can monitor vital signs of patients or assist in the detection of early warning signs
could greatly assist front-line workers who assess sick patients in remote areas with limited resources, this
approach may help reduce the burden on clinicians and healthcare systems in LMICs. For instance, data on clinical
signs described by mothers to community healthcare workers, reported on smartphone-based applications and
used in dynamic classification algorithms, may aid in alerting awareness for prompt diagnosis. It is important to
note that community-level involvement and co-development of such tools with healthcare workers is necessary
for improvements in the management of neonatal sepsis and acute healthcare delivery systems in general is to be
realised.'*

Al and deep learning methods have been deployed for the diagnosis and treatment of neonatal sepsis in India;
using a cloud-based data analytics platform.®® Using ML and data analytics to power the platform allows
standardisation of diagnosis across different regions of the country in a fast and cost-effective way (Figure 2).



Through inputting neonatal data points, the platform generates a predictive score to assist with diagnosis of sepsis.
Deep learning is agnostic to a particular type of data, opening possibilities to “phenotype” sepsis cases beyond
what can be extracted from Electronic Health Records (EHR), for example, using video-images. Generally much
larger amounts of data are necessary to exploit the power of deep learning. These are currently limited to single
institution studies and to-date a systematic EHR-based screening tool for children in HICs and LMICs has yet to
be undertaken. 5

Other issues that will need to be addressed for a successful health systems response to sepsis include: the need to
better define at-risk populations; establishing the natural history of infection, including deterioration pathways,
and mortality rate; identifying and characterising the causative organism; and, where appropriate modelling to
suggest effective prevention and control measures.5” Key health related information can be collected from national
surveillance programs, individual healthcare systems electronic or paper-based health records, and existing
literature. Collectively data can be used to train and prime an Al-application for its dedicated task (Figure 2). The
key to this step is accessing and harmonising data, which may be highly granular, or sparse depending on the
environment. A significant challenge to accelerating the use of Al-enabled tools in LMICs relates to the quality
and quantity of available data (Figure 1). This will require standardisation, concerted efforts and addressing ethical
and logistical barriers limiting data sharing across studies. While big-data is critical for underpinning the adoption
of any Al driven approach, there is no current definition of acceptable performance standards, accuracy rates, and
patient health outcomes against which to measure Al. Policy organisations such as The National Institute for
Health and Care Excellence (NICE) have developed evidence standard frameworks which could be implemented
in other countries, but perspectives vary widely on what standards Al tools should adhere to, to be used across
LMICs, and for patients and doctors to have trust in them.®® Any Al driven clinical decision support tools are
reliant on high quality data and must be able to demonstrate patient benefit. Critically, this needs to be tailored to
the context specific needs of LMICs.

Inclusive future research: Emerging medical tricorder technology for combining host biomarkers and
digital diagnostics

Mobile smart health technology using digital diagnostics are actively being investigated as part of an increasing
number of clinical trials in LMICs.%%7° Additionally, the development of point-of-care diagnostics not requiring
technical expertise or laboratory facilities further provides vital tools for pre-hospital screening of sepsis in the
community.”7? Largely, this technology is being developed in HICs and full co-partnering with LMICs in terms
of co-development and capacity building for such technology has not yet been fully implemented.

The direction of travel for diagnostic technologies is evolving toward point-of-care sensors capable of measuring
multi-parameter molecular or physiological signs (Figure 3). Namely, mobile high acuity devices for capturing
vital physiological signs are now seeing increasing use in both clinical and community settings.” Developing
sensor technology for physiological recordings and molecular analyte detection are currently researched by
separate fields of investigation due to primarily non-overlapping scientific disciplines. In this connection, neither
host molecular-biomarkers nor digital diagnostics will achieve a truly 100% accuracy alone for identifying sepsis,
however, if combined they have a far greater chance of achieving this goal.

We contend that early recognition and prediction of sepsis must involve integrating physiological signs and
validated molecular biomarkers into a single read-out. An emerging health technology that meets this need for
physically integrating sensors is the rapidly growing medical tricorder market.”*" Figure 3 shows how a medical
tricorder device would work in terms of data-recording, integration and read-out and the necessary logic
operations to predictively score sepsis. Currently, these are handheld devices that are limited in design to record
physiological data from sensors, analyse and display results with digital alerts.” Future development should be
inclusive of capturing LMIC user requirements, incorporating point-of-care testing of host-biomarkers, imaging
and physiological parameters to enable precision diagnosis. While the emerging medical tricorder technology is
still very much in its infancy and predominantly research based, it is perceived as potentially disruptive technology
for the HICs diagnostics market but may provide an excellent opportunity for LMICs, particularly when
appropriately linked to clinical management algorithms. Optimistically, the next decade is poised to see a step-
change in the diagnosis of infectious disease and sepsis.

Emerging big-data in LMICs

Healthcare data is changing with many countries adopting EHR systems, enabling healthcare organisations to
accumulate and reuse data to improve patient outcomes and support research alongside other benefits.*>76 In 2015,
the WHO reported a 46% global increase in the use of EHRs over five years. Despite this vast improvement only
51% of high-income, 65% of upper-middle, 35% lower-middle and 15% low-income countries have national EHR
systems.”” Reliable data for the incidence of neonatal sepsis from LMICs is patchy, which significantly increases



the challenges in managing the condition).® Hospital-based studies are limited by significant selection-bias and
estimates from community-based studies suggest a wide range of incidence possibly due to inaccurate data.*
Workflows, clinical protocols, terminology and EHRs vary greatly across and within LMICs, therefore, tools need
to be developed to allow appropriate integration. The impactful yet small-scale neonatal care management tool
used in Malawi and Zimbabwe (NeoTREE tool) (http://www.neotree.org/) is an example.

Frequently cited barriers to the implementation of EHRs include lack of funding, infrastructure, expertise and
legal framework’®7° (Figure 1). To work towards global health equality requires that LMICs to have investment,
expertise, support and resources to remain ahead of the technological advancements, such as harnessing satellite
technology and cloud data storage.?® 8Simple smartphone-based applications, designed for LMICs, which can
run on low internet bandwidth, could improve data collection and dissemination of guidance for the management
of sepsis. In time these data could feed into analytical tricorder systems, including ML models supported by cloud-
based platforms. Big-data is also rapidly growing from post-genomics science.®* While LMIC populations have
participated in internationally led observational studies, future resourcing and capacity building for translational
genomics is vital.®

Resourcing education in data-science is also essential for an effective strategy to close the gap, requiring support
from both public and private organisations (e.g., https://www.goldenhelix.org). Keeping open access to these data
not only accelerates advancement in identifying reliable biomarkers and understanding of disease but can also
promote the translational and basic science base in low-resource settings.®* With technology capable of rapidly
collecting vast quantities of data via EHRs and genomics, the application of systems-science tools, such as Al for
improving precision becomes essential. These systems data-science tools can enable better identification of health
burdens, improve diagnoses and healthcare delivery at population and individual levels; the potential impact of
these tools will be negated if local health systems lack the capacity and resources to implement population-level
interventions or effectively treat the at-risk patient.

Ethical and Societal Barriers and Issues in LMICs

Limitations of using big-data in LMICs for sepsis diagnostics in early life include lack of population-level data.*-8
Most LMICs lack high-quality civil registry systems with only 65% of births and 38% of all deaths registered
worldwide, thus demonstrating a paucity of whole population representative data (Figure 4A).8¢ The widespread
availability and use of mobile phone technology to record births and deaths within communities, is an opportunity
to partially address this problem. In addition to demographic data, clinical data such as vital signs and laboratory
data may be measured and recorded to a variable degree due to a lack of training and equipment, staff shortages,
limited laboratory resources and affordability (Figure 4B). Further, scaling up of big-data and health-related Al-
enabled tools is complicated by differing and uncertain regulatory and policy environments, both intra- and inter-
country.® For example, many LMIC governments lack the resources to create consistent policies on population
health, such as disease burden analysis and monitoring and treatment protocols for use, across their various regions
or states. Currently, the WHO's SCORE Global Report provides technical packages and support to improve death
data registries and is an important step toward lowering the barrier for systems data-science tools for population
health to scale at national level.

Data sharing enables independent replication of findings and maximises the translational use of data.?’. In LMICs
barriers to data-sharing are multi-faceted including cultural, linguistic, ethical, financial and technical.® Studies
by foreign consortia using LMIC populations to collect data for their use without prioritizing local impact to
change health outcomes or build capacity greatly undermines trust and future collaborations. In this regard, many
LMICs already have regulations prohibiting private companies from taking health and other types of data outside
their borders. Using big-data to answer research questions also requires research systems with ethical approval
processes, expertise in research methodology and design, areas which are often under-developed in LMICs.%
High-quality data is important for making valid, reliable, and safe decisions based on scientific evidence. Indeed,
the value of the data is in its quality.%02°

Concluding Remarks

Neonates and children in LMICs bear an inequitable mortality and health burden, and experience the greatest gap
between diagnostic need and provision. Mortality in this age group is mostly attributed to sepsis, but the rapidly
growing threat from AMR requires that we tailor interventions more precisely, and urgently. The lack of
aetiological and pathophysiological understanding of sepsis represents one of the greatest barriers to an effective
deployment of large-scale preventative and intervention programmes. Thus, accurate diagnostics are essential to
correctly inform the epidemiology of infectious diseases and they are also needed to ensure that the correct
interventions are administered to the appropriate neonates and children, improving outcomes and avoiding AMR.


http://www.neotree.org/
https://www.goldenhelix.org/

Systems-science investigations of multi-comic’ data are beginning to offer insight in host pathophysiological
processes. These should extend and be inclusive of LMIC populations. This should include generating simulation
models of digital neonates and children for predicting classification rules for biomarkers relevant to LMICs.
Further, large-scale cross-country population cohort studies will be required to confirm the utility of these
biomarkers to identify the aetiology of sepsis and improve the precision of healthcare delivery. EHRs and the
solidification of mobile networks in LMICs can enable Al and digital diagnostics to reduce the burden on frontline
healthcare workers and inform evidence-based health policies (Figure 3). It will be essential to support health
technology education and training in data-science in LMICs to ensure that point-of-care innovations can be co-
developed in LMICs, be affordable and adapted to local context, and effectively deployed.

We propose that big-data-approaches and multi-‘omic’-derived biomarkers that converge on mobile health
technologies, in particular in the emerging medical tricorder market, offer a strategy to transform the diagnostic
ecosystem in LMICs. We cannot ignore that the building of capacity and resilience in already fragile LMIC health
systems are needed for these technologies to fulfil their promise. Altogether, this will assure the future direction
of travel for infectious disease diagnostics in LMICs, and it will be important to apply a technology foresight
framework in considering what healthcare will or should look like in the long-term (2050).
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Figure Legend

Figure 1: Complexity of clinical, ethical and regulatory barriers to harnessing and harmonising neonatal and
paediatric infection ‘big’ data from resource-limited settings

A mind-map visually demonstrating the complexity of known clinical, ethical and regulatory barriers surrounding
the use of big-data in low- and middle-income countries (LMICs)

Figure 2 Shows workflow of how existing and future EHR big-data and multi-omics data (from HICs and
LMICs) can be used to identify physiological signals and improve biomarker identification from multi-omics
data.

The complexity and scale of these data require the use of simulation models (top panel) that generate digital
populations for optimising classification rules for predicting and identifying infants at risk for sepsis. Data from
HICs is biased towards hospital-acquired while LMICs are weighted for community acquired infections. Data-
characteristics that account for these differences need be modelled for optimising parameters of prediction
algorithms prior to real-world testing. For both HICs and LMICs large-scale cross-country multi-cohort
independent clinical studies need to be performed. This emphasis the need to harmonise global policies and
requirements to facilitate data sharing. It is notable that capabilities of clinical trial sites in LMICs can span the
entire continuum of development, from discovery through to approval yet, e.g. only about 2% of trials come to
Africa, and 70% of those trials are conducted in only three countries. https://www.ctc.africa/about. High quality
curated databases will need to be established through global collaborative efforts involving expertise from both
HICs and LMICs, will facilitate effective application of statistical inference, ML and Al.

Figure 3: A schematic of data-processing steps of a medical tricorder; providing an integrated digital solution
enabling precision diagnosis of sepsis.

A schematic summarising how medical tricorder technology can be used for hospital or community acquired
infections. These hand-held portable devices scan and integrate physiological and molecular signals from sensors,
enabling precision diagnosis of sepsis lowering barriers for the need for specialised equipment or laboratory tests
to diagnose. Left side of the panel shows a timeline for diagnostic information flow and outputs with results that
can be transmitted to cloud healthcare systems. The digital early warning algorithm uses medical record inputs
(marked by arrows) at presentation while the host early warning uses genomic/metabolic biomarker inputs from
whole blood point-of-care testing. Systems integration involves using logic circuitry linking molecular
pathophysiological biomarkers with physiological and clinical observations. Logic circuitry involves use of the
Exclusive -NOR gate — this gives a low output (digital 0) if either, but not both of the two inputs are high (digital
1). With potential downstream pathogen detection, coupled to the final output by using an “AND” logic gate,
giving a high output (1) if one or more of its inputs (shown in arrows) are high. Abbreviations: EHR:
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https://www.ctc.africa/about

Electronic/Medical Health Record of physiological clinical signs, POC: Point-of-care blood test. Logic gates:
AND denotes an “AND” logic gate and “ENOR” denotes an “Exclusive” NOT-OR logic gate.

Figures 4a and 4b

Figure 4a. Percentages of population level data collected in LMICs

A bar chart representing the estimated percentages of recorded population level data in LMICs relating to births,
deaths and healthcare deliveries. These data were sourced from: Garces AL, Mcclure EM, Pérez W, et al. The
Global Network Neonatal Cause of Death algorithm for low-resource settings HHS Public Access Author
manuscript. Acta Paediatr 2018; 2017: 904-11.%3

Figure 4b. A conceptual timeline on clinical, laboratory and research barriers

A conceptual timeline based on arbitrary data visually demonstrating the gaps between LMIC and high-income
countries in terms of clinical, laboratory and research barriers.
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