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ABSTRACT
Background  Despite wide usage across all areas of 
medicine, it is uncertain how useful standard reference 
ranges of laboratory values are for critically ill patients.
Objectives  The aim of this study is to assess the 
distributions of standard laboratory measurements in 
more than 330 selected intensive care units (ICUs) across 
the USA, Amsterdam, Beijing and Tarragona; compare 
differences and similarities across different geographical 
locations and evaluate how they may be associated with 
differences in length of stay (LOS) and mortality in the ICU.
Methods  A multi-centre, retrospective, cross-sectional 
study of data from five databases for adult patients 
first admitted to an ICU between 2001 and 2019 was 
conducted. The included databases contained patient-
level data regarding demographics, interventions, 
clinical outcomes and laboratory results. Kernel density 
estimation functions were applied to the distributions 
of laboratory tests, and the overlapping coefficient and 
Cohen standardised mean difference were used to quantify 
differences in these distributions.
Results  The 259 382 patients studied across five 
databases in four countries showed a high degree of 
heterogeneity with regard to demographics, case mix, 
interventions and outcomes. A high level of divergence in 
the studied laboratory results (creatinine, haemoglobin, 
lactate, sodium) from the locally used reference ranges 
was observed, even when stratified by outcome.
Conclusion  Standardised reference ranges have limited 
relevance to ICU patients across a range of geographies. 
The development of context-specific reference ranges, 
especially as it relates to clinical outcomes like LOS and 
mortality, may be more useful to clinicians.

INTRODUCTION
The care of critically ill patients relies heavily 
on laboratory data—and, by extension, the 
laboratory reference ranges associated with 
them. However, these laboratory reference 
ranges are typically created by surveying 

healthy outpatients.1 It remains unclear 
if these ranges are applicable to patients 
admitted to the intensive care unit (ICU).

Previous studies have shown that correcting 
abnormal values in critically ill patients, 
such as haemoglobin or glucose, to refer-
ence range standards may be harmful.2–5 
For example, clearly defined thresholds 
have been established for the initiation of 
packed red blood cell (PRBC) transfusions.6–8 
However, observational studies show that 
PRBCs are routinely administered at higher 
haemoglobin levels,7 9 10 suggesting that clini-
cians may strive to correct laboratory values 
towards normality rather than adhere to 
evidence-based targets. As previously hypoth-
esised, specific reference ranges tailored 
to scenarios and populations may be more 
meaningful, if these reference ranges are 
shown to relate to clinical outcome.11–13

Summary

What is already known?
►► Laboratory results of critically ill patients are inter-
preted using reference ranges created on the basis 
of healthy outpatients.

►► Correcting abnormal laboratory results to reference 
range standards can have beneficial or harmful 
effects.

What does this paper add?
►► Laboratory results of critically ill patients often differ 
significantly from the reference range, even in those 
with the best clinical outcomes.

►► Critically ill patients may require local, context-
specific reference ranges for laboratory results to 
promote appropriate interpretation.
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Previous research considered whether the distributions 
of laboratory values for critically ill patients differed from 
reference ranges and if these differences were associated 
with outcomes. The single-centre, cross-sectional study 
found that laboratory values of ICU patients differed 
significantly from the reference range, even in those 
with the best clinical outcomes, suggesting that normal 
reference ranges may not apply to critically ill patients in 
reference or outcome.14 This adds to ongoing discussions 
regarding the need to consider context in interpreting 
laboratory values, particularly in critical care settings, and 
advocates for further research into contextualising labo-
ratory values.11 15

This study aims to expand on previous work by evalu-
ating data from five ICU databases located across different 
continents to consider if similar patterns hold worldwide. 
In particular, this work aims to characterise how ICU labo-
ratory values differ from typical reference ranges in ICUs 
across the USA, Netherlands, China and Spain, and deter-
mine if the relationship between laboratory values and 
patient outcomes varies across contexts.

METHODS
Design
We conducted an international, multi-centre, retrospec-
tive, cross-sectional study examining the most severely 
deranged (minimum or maximum as appropriate) labo-
ratory results within the first 24 hours of a patient’s first 
admission to the ICU.

Setting
We included all patients from five ICU databases: the 
Medical Information Mart for Intensive Care (MIMIC), 
the eICU Collaborative Research Database (eICU-CRD), 
the Amsterdam University Medical Center database 
(AUMCdb), the Chinese PLA General Hospital ICU data-
base (PLAGH-ICUdb) and the Unitat de Cures Intensives 
de l’Hospital Joan XXIII database (UCIHJ23db). An over-
view of all databases is displayed in online supplemental 
table 1.

MIMIC contains data from the Beth Israel Deaconess 
Medical Center ICU, a tertiary hospital located in Boston, 
Massachusetts, USA, which comprises more than 70 
beds with a broad case mix. We used data from the latest 
version available at the time of analysis, MIMIC-III, which 
contained granular data on more than 38 000 admissions 
between 2001 and 2012.16 eICU-CRD contains similarly 
detailed, patient-level data on more than 200 000 admis-
sions across 335 ICUs in the USA between 2014 and 2015.17 
AUMCdb is the first freely accessible European ICU data-
base and contains data from the Amsterdam University 
Medical Center ICU, a mixed medical-surgical ICU with 
data on more than 20 000 patients including admissions 
between 2003 and 2016 (V.1.0.2).18 The PLAGH-ICUdb 
integrates data from nine ICUs in the Chinese People’s 
Liberation Army General Hospital in Beijing, China.19 
PLAGH-ICUdb includes data on more than 74 000 adult 

patients admitted between 2008 and 2019. Finally, the 
UCIHJ23db includes 4840 admissions between 2015 and 
2019 from the Joan XXIII University Hospital in Tarra-
gona, Spain.

Primary analysis
Our analysis was performed between February and May 
2020. We included the first ICU admission of all adult 
patients from the five databases. Patients were stratified 
into those with the ‘best’ and ‘worst’ clinical outcomes. 
The best outcome group was defined as patients who 
survived the ICU admission and had an ICU length of stay 
(LOS) in the lowest quartile (shortest LOS). The worst 
outcome group was defined as those who died during the 
ICU admission.

For each patient, we extracted the most severely 
deranged laboratory values of commonly ordered inves-
tigations collected within the first 24 hours of ICU 
admission. The included investigations were maximum 
creatinine, minimum haemoglobin, maximum lactate 
and maximum sodium. No imputation was performed to 
replace missing data. We calculated the 95% CI for each 
investigation, stratified by the best and worst outcome 
patients within each database, and presented these as 
distribution plots. The locally used normal reference 
range for each investigation was added to these plots, to 
allow a visual assessment of the variance between these 
reference ranges and patient outcomes. We compared 
the difference in laboratory result distributions between 
the best and worst outcome groups by calculating the 
degree of overlap and divergence.

Statistical analysis
Data extraction was performed using SQL. Statistical anal-
ysis was then conducted using R and Python. The queries 
and code used for analyses were uploaded to a public 
GitHub repository.20 Kernel density estimation plots were 
used to present the distribution of laboratory results. To 
then quantify the difference in distribution between best 
and worst outcome groups, we calculated the overlapping 
coefficient (OVL) and the Cohen standardised mean 
difference (SMD), as have been used for this purpose 
previously.14 21 22 OVL quantifies the overlap of two distri-
butions, with an OVL of 1 representing complete overlap 
and an OVL of 0 representing no overlap. SMD describes 
the difference in group means, relative to the variability 
observed within each group. The SMD value represents 
the divergence between groups in SD. An SMD of 0 
indicates no difference in the means of the two groups; 
less than 0.2 is considered a small effect size, 0.2 to 0.8 a 
moderate effect size and greater than 0.8 a large effect 
size.21

Given the large sample size included in our analysis, 
tests of statistical significance were not performed, as it 
was anticipated that even very small and clinically irrel-
evant differences between groups would demonstrate 
statistical significance and may consequently have undue 
importance assigned to them.

https://dx.doi.org/10.1136/bmjhci-2021-100419
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RESULTS
Patients
Our study population included a total of 259 382 patients 
from five databases (MIMIC n=38 508, eICU-CRD 
n=132 994, PLAGH-ICUdb n=63 515, AUMCdb 
n=20 127 and UCIHJ23db n=4238). Substantial hetero-
geneity existed across the databases in patient demo-
graphics, the interventions they received and their clinical 
outcomes, as displayed in table 1. Notably, the proportion 
of patients who were admitted electively varied widely 
from 4.2% in UCIHJ23db to 71.7% in AUMCdb. By 
extension, the case mix also varied greatly, as reflected 
by the proportion of patients admitted following cardiac 
surgery (0.0% in UCIHJ23db vs 35.0% in AUMCdb). 
The interventions that patients received differed across 
databases, most appreciably in the delivery of mechanical 
ventilation and the administration of intravenous crystal-
loids, colloids and PRBCs.

The proportion of patients who died in the ICU ranged 
from 5.73% in eICU-CRD to 14.61% in UCIHJ23db. Simi-
larly, the median ICU LOS ranged from 25 (20–73) hours 
in AUMCdb to 95 (46–173) hours in PLAGH-ICUdb.

Laboratory results
The IQR and median values of the most severely 
deranged measured laboratory investigations, for creat-
inine (maximum), haemoglobin (minimum), lactate 
(maximum) and sodium (maximum), stratified by 
database and patient outcomes, are displayed in online 
supplemental table 2. The locally used normal reference 
ranges for each database are also reported.

Regarding the distribution of investigation results 
and their corresponding reference ranges, the sodium 
measurements of best outcome patients consistently fell 
within the corresponding normal range (online supple-
mental figure 1), though other laboratory results did so 
variably. While the upper margin of the creatinine refer-
ence range includes the vast majority of best outcome 
patients from the PLAGH-ICUdb and UCIHJ23db, 
increasing proportions of best outcome patients had 
creatinine values beyond the upper margin in AUMCdb, 
MIMIC and eICU-CRD (online supplemental figure 2). 
The distribution of haemoglobin results shows that the 
majority of patients tended to record values below the 
lower margin of their local reference range across all 
databases, irrespective of whether they had best or worst 
outcomes (figure 1). Similarly, the distribution of lactate 
measurements indicates that a substantial proportion of 
patients with best outcomes had a measured lactate above 
the upper margin of local reference ranges, particularly 
in MIMIC and eICU-CRD (figure 2).

The 95% CIs for each laboratory value, stratified by best 
and worst clinical outcome group and by database, are 
reported in table 2. Overlapping and divergence coeffi-
cients are reported in table 3 and summarise the degree 
to which the distribution of laboratory results differed 
between best and worst outcome patients.

The best and worst outcome patients in the UCIHJ23db 
demonstrated the greatest overlap in the distribution of 
both creatinine (OVL=0.67, SMD=−0.46) and haemo-
globin (OVL=0.86, SMD=0.32), while those from the 
PLAGH-ICUdb demonstrated the least overlap in the 
distribution of these laboratory results (creatinine 
OVL=0.48, SMD=−0.92 and haemoglobin OVL=0.67, 
SMD=0.8) (online supplemental figure 2 and figure 1).

Best and worst outcome patients from MIMIC demon-
strated the greatest overlap in the distribution of highest 
measured lactate (OVL=0.65, SMD=−0.65), while those 
from AUMCdb demonstrated the least overlap (OVL=0.47, 
SMD=−1.01) (figure 2). AUMCdb also demonstrated the 
least overlap in highest measured sodium between best 
and worst outcome patients (OVL=0.67, SMD=−0.74), 
while the remaining databases consistently demonstrated 
OVL of approximately 0.75 for sodium measurements 
(online supplemental figure 1).

Overall, the mean overlap between best and worst 
patients across databases was greatest for measurements 
of haemoglobin (OVL=0.79) and lowest for measure-
ments of lactate (OVL=0.45).

DISCUSSION
Differences between the most severely deranged labora-
tory results of patients admitted to the ICU and locally 
used normal reference ranges were observed in every 
database studied. These differences persisted even when 
comparing those patients with the best outcomes against 
the normal reference range.

In addition, among the databases, differences in the 
degree of overlap between best and worst group labora-
tory distributions were observed, which may represent 
variability in case mix and therapies applied, and/or 
imply variable discriminatory function among laboratory 
values based on region. Our findings build on the single-
centre work by Tyler et al14 by replicating similar obser-
vations across different contexts and geographies. They 
further support the need to consider context in reacting 
to abnormal laboratory values, as correcting abnormal 
values may not always be beneficial or benign.5 11

The differences observed between the reference range 
and selected ICU values across all five databases suggest 
that normal reference ranges are not useful in managing 
critically unwell patients. For instance, the haemoglobin 
results of most ICU patients fell outside normal refer-
ence ranges, irrespective of whether they had the best or 
worst outcome (figure 1). Patients with the best outcomes 
(here, ICU survival and shortest LOS) would be expected 
to have laboratory results that more closely align with the 
reference range, while those who die in the ICU should 
have results which are significantly worse. This is based on 
the assumption that the further patients’ results deviate 
from the reference range, the more severely deranged 
their physiology and the more likely they are to have a 
poor clinical outcome. However, given the difference 
observed between the reference range and best outcome 
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group, it is clear that normal reference ranges are not 
meaningful in ICU contexts. This discrepancy likely 
represents how reference ranges are formulated: refer-
ence ranges, though used to define normal and abnormal 
for both healthy individuals and critically unwell patients, 
are typically derived from samples of healthy outpatients.1

As expected, patients with the best and worst clinical 
outcomes had differing laboratory results across data-
bases. However, between databases, we found that the 
extent to which these groups differed was variable, as the 
degree of overlap in distributions changed across investi-
gations and the context in which they were utilised. For 

example, in the UCIHJ23db from Spain, the creatinine 
of patients with the best and worst clinical outcomes had 
substantial overlap (OVL=0.67), suggesting a decreased 
ability for creatinine to differentiate between patients 
with good and bad outcomes in this context. By compar-
ison, creatinine results in the PLAGH-ICUdb from 
China demonstrated a lower overlap between groups 
(OVL=0.48). Consequently, creatinine may serve as a 
better prognosticator in this database, as it better discrim-
inates between those with good and bad outcomes.

Variation in the overlap of laboratory results between 
patients with the best and worst outcomes was also seen 

Figure 1  Minimum haemoglobin measurement on first intensive care unit admission—best versus worst outcome per 
database (A-E).

Figure 2  Maximum lactate measurement on first intensive care unit admission—best versus worst outcome per database (A-
D). Data not recorded in PLAGH-ICUdb.
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to different extents in the measurement of haemoglobin, 
lactate and sodium. These results imply that different 
investigations may represent good prognosticators in 
one context but not another and question the value of 
attempting to return these results to a healthy patient’s 
reference range. As with currently utilised reference 
ranges, context-specific reference ranges developed from 
a heterogeneous cohort of patients would need to be 
interpreted with an understanding of individual patient 
factors and how their acute pathology may alter the signif-
icance of specific results.

While outside the scope of our project, we included 
data regarding patient demographics and common 
critical care interventions (renal replacement therapy 
(RRT), PRBC transfusion and crystalloid vs colloid 
resuscitation), which may have indicated mechanisms 
contributing to these variations in overlap. For instance, 
PLAGH-ICUdb was seen to have a narrower distribution 
of creatinine results. While RRT data was not available 
from this database, it can be seen that intravenous fluid 
administration was similar to that in other databases, so is 
unlikely to explain variations in renal function. However, 
the overall younger age of patients in PLAGH-ICUdb 
may have contributed to their lower creatinine. Further-
more, PLAGH-ICUdb also displayed the lowest overlap 
in haemoglobin results between best and worst outcome 
patients. While they also had the lowest PRBC adminis-
tration rate, whether this represents a causative relation-
ship is unknown. More broadly, we have demonstrated 
that substantial variability in the case mix and therapies 
provided existed across the databases, which may have 
contributed to differences in results across countries. 
Considering the differences between centres worldwide, 
the concept of context-specific reference ranges may 
prove even more useful by guiding practice with the goal 
of improving patient outcomes rather than unnecessarily 
normalising pathology results. Future research must 
consider the impact of case mix and clinical practices 
when developing new reference ranges, which would 
then require prospective validation to confirm them as 
appropriate treatment targets.

As such, our current study forms the foundation for 
several avenues of future enquiry. First, we intend to 
analyse and compare more homogeneous subgroups of 
patients (eg, cardiac surgery) and define context-specific 
laboratory result ranges, which are associated with the 
best clinical outcomes, and may therefore represent 
‘normality’ for these groups of critically ill patients. Such 
reference ranges may then be prospectively validated to 
determine if they represent appropriate treatment targets 
and whether deviation from these ranges are associated 
with poorer outcomes. Furthermore, prospective studies 
will allow for the collection of data regarding the ther-
apies provided to patients and thereby an investigation 
of the mechanism through which context-specific varia-
tions may arise. In addition, among databases that have 
collected data over a greater length of time (eg, PLAGH-
ICUdb from 2008 until 2019), we intend to investigate Ta
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whether the association between laboratory results and 
outcomes varies over time and therefore suggests that the 
prognostic value of results and their corresponding refer-
ence ranges require periodic review.

Strengths and limitations
Our study has several strengths. It is an analysis of an 
extremely large dataset, including more than 250 000 
patients from three continents. Moreover, the ICUs 
included are varied in their case mixes and the corre-
sponding severity of illness of their patients.

However, several limitations exist within this study. As 
with all retrospective research involving multiple large 
databases, variation in the design, collection and coding 
of variables may vary across datasets, creating inaccuracy 
in results. In our study, this is mitigated through the use 
of objective variables including laboratory results, ICU 
LOS and ICU mortality. Retrospective research of this 
nature is also inherently limited by missing data. Notably 
in our study this included missing data regarding lactate 
and interventions from PLAGH-ICUdb and intravenous 
fluid therapy and transfusions in eICU-CRD, respec-
tively. However, other than lactate, these variables were 
used purely for hypothesis-generating purposes and 
do not alter our primary findings. The included data-
bases collected information from ICU admissions across 
varying years, so differences in results may reflect changes 
in global practices over time rather than differences 
between centres or countries. Dichotomising patients 
into those with best and worse outcomes using ICU LOS 
and mortality does not reflect patient outcomes beyond 
ICU discharge. This includes the possibility that patients 
classified as having the ‘best’ outcome may have been 
discharged quickly from the ICU to receive end-of-life 
care. However, these definitions improved interpret-
ability of our results and are consistent with those used 
previously.14 Further, our study includes descriptive 
analyses without adjustment for potential confounders. 
Therefore, the associations between individual laboratory 
results and patient outcomes do not indicate independent 
causative relationships and should not be interpreted as 
such. Finally, comparing heterogeneous patient popula-
tions comprising varied case mixes is problematic. The 

possibility that context-specific reference ranges would 
also need to vary based on patient factors or specific 
conditions exists, though could not be concisely investi-
gated in our present work.

CONCLUSION
In a cohort of more than 250 000 patients admitted to 
ICUs across four countries and three continents, there was 
substantial deviation in laboratory results when compared 
with normal reference ranges, even for those with the best 
clinical outcomes. Furthermore, when stratified by patients 
with the best and worst clinical outcomes, the degree of 
overlap between these patient groups varied widely across 
investigations and databases. These results suggest not only 
that specific reference ranges may be required for critically 
ill patients in different contexts but also that investigations 
may have a varying ability to discriminate between patients’ 
outcomes depending on the setting.
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Table 3  Overlap between laboratory distributions of best and worst outcome patients with the local reference range
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MIMIC 0.65 −0.53 0.85 0.35 0.65 −0.65 0.76 −0.31

eICU-CRD 0.62 −0.48 0.74 0.61 0.57 −1.03 0.77 −0.35

PLAGH-ICUdb 0.48 −0.92 0.67 0.8 Not available* Not available* 0.75 −0.09

AUMCdb 0.61 −0.48 0.81 0.42 0.47 −1.01 0.67 −0.74

UCIHJ23db 0.67 −0.46 0.86 0.32 0.57 −0.73 0.75 −0.31

Mean 0.61 −0.57 0.79 0.50 0.45 −0.68 0.74 −0.36

*Data not recorded in PLAGH-ICUdb.
OVL, overlapping coefficient; SMD, standardised mean difference.
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ABSTRACT
Objectives  Triage is a critical component of the pandemic 
response. It affects morbidity, mortality and how effectively 
the available healthcare resources are used. In a number 
of nations the pandemic has sponsored the adoption of 
novel, online, patient-led triage systems—often referred 
to as COVID-19 symptom checkers. The current safety and 
reliability of these new automated triage systems remain 
unknown.
Methods  We tested six symptom checkers currently in 
use as triage tools at a national level against 52 cases 
simulating COVID-19 of various severities to determine if 
the symptom checkers appropriately triage time-critical 
cases onward to healthcare contact. We further analysed 
and compared each symptom checker to determine the 
discretionary aspects of triage decision-making that 
govern the automated advice generated.
Results  Of the 52 clinical presentations, the absolute rate 
of onward referral to any form of healthcare contact was: 
Singapore 100%, the USA 67%, Wales 65%, England 62%, 
Scotland 54% and Northern Ireland 46%. Triage decisions 
were broadly based on either estimates of ‘risk’ or ‘disease 
severity’. Risk-based symptom checkers were more 
reliable, with severity-based symptom checkers often 
triaging time-critical cases to stay home without clinical 
contact or follow-up.
Conclusion  The COVID-19 symptom checkers analysed 
here were unable to reliably discriminate between mild 
and severe COVID-19. Risk-based symptom checkers 
may hold some promise of contributing to pandemic case 
management, while severity-based symptom checkers—
the CDC and NHS 111 versions—confer too much risk to 
both public and healthcare services to be deemed a viable 
option for COVID-19 triage.

INTRODUCTION
Symptom checkers are online platforms 
where the public can enter details of their 
illness, answer set questions about their 
symptoms and then receive advice on what 
to do next. During the pandemic, many 
nations have deployed symptom checkers to 
help identify potential COVID-19 cases and 
provide advice to the public. Some nations 
have gone further, using symptom checkers in 
place of more typical clinical triage systems.1

Despite a number of studies highlighting 
the diagnostic sensitivity of various online 

COVID-19 symptom checkers, we could find 
no studies (apart from our previous analysis)2 
examining the safety and reliability of online 
COVID-19 symptom checkers as a standalone 
triage tool.

The difference is stark. On the one hand, 
these accessible web-based questionnaires 
can direct potential cases toward SARS-CoV-2 
testing services—answering the question: 
should you be tested? In such circumstances, 
symptom checkers act more as a prompt, 
conveying the national advice. On the other 
hand, there is another category of symptom 
checkers attempting to answer a much more 
complicated question: do you need medical 
help?

It is quite an ask, of an automated system. 
And the stakes are high. There is the 
unavoidable direct morbidity and mortality 
impact when triaging acute medical prob-
lems.3 4 There is also an operational consid-
eration, whereby delaying treatment in 

Summary

What is already known?
►► Symptom checkers have been deployed at a na-
tional level in a number of countries to support the 
pandemic response.

►► There are no quality, safety or efficacy studies sup-
porting the use of COVID-19 symptom checkers as 
triage tools.

What does this paper add?
►► The COVID-19 symptom checkers analysed here are 
currently in use at a national level as stand-alone 
triage services. They are all freely accessible to the 
public.

►► Out of the symptom checkers analysed, only the UK 
version (NHS 111 COVID-19 Symptom Checker) has 
been formally integrated into the national clinical 
pathway.

►► None of the symptom checkers analysed here 
could reliably distinguish between mild and severe 
COVID-19.

http://bmjopen.bmj.com/
http://orcid.org/0000-0003-0418-8859
http://dx.doi.org/10.1136/bmjhci-2021-100448
http://dx.doi.org/10.1136/bmjhci-2021-100448
http://crossmark.crossref.org/dialog/?doi=10.1136/bmjhci-2021-100448&domain=pdf&date_stamp=2021-010-17
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time-critical conditions leads to a higher overall health-
care burden.3–6

Online COVID-19 symptom checkers may carry the 
potential to offset the inevitable high healthcare demands 
of pandemic management, allowing valuable resources to 
be focused on those with real clinical need. This benefit 
can only be realised if the symptom checker successfully 
triages COVID-19 pneumonia (and other serious condi-
tions mimicking COVID-19) on to further care early 
enough for maximal treatment benefits to be achieved. 
Missing the opportunity to prevent disease progression 
will invariably lead to higher mortality,4 6 delayed recovery 
(eg, higher rates of long COVID-19)7 and a more lengthy 
inpatient stay.4 6 There is a very real possibility that 
symptom checkers, if inappropriately used, can signifi-
cantly increase the healthcare burden associated with 
COVID-19—compromising healthcare capacity sooner 
than is necessary.2 5 Both at a patient level and operational 
level, quality and efficacy studies are essential if clinical 
activities are to be replaced or even augmented with such 
patient-led, automated clinical services.

Back in April 2020, we undertook an analysis on 
national symptom checkers from the UK, USA, Singapore 
and Japan. At that time, the results of our case-simulation 
study revealed a low rate of onward referral for both the 
UK’s ‘111 COVID-19 Symptom Checker’ and the US’s 
‘CDC Coronavirus Symptom Checker’—44% and 38%, 
respectively. It was noted that both symptom checkers 
triaged simulated cases of severe COVID-19 pneumonia, 
bacterial pneumonia and sepsis, to stay home with no 
further healthcare contact.2 In short, both the US and UK 
symptom checkers maintained a high threshold to refer 
patients onward for healthcare contact.

During this previous analysis, we compared and 
contrasted the four symptom checkers, looking specifi-
cally for points of divergence. The most notable differ-
ence was whether known COVID-19 disease ‘risk factors’ 
or an estimated ‘disease severity’ were used to calculate 
triage disposition. Both Singapore’s and Japan’s symptom 
checkers focused specifically on risk factors—age, dura-
tion of symptoms, the presence of breathlessness and 
comorbidities—and made no attempt to quantify disease 
severity. We have termed these, ‘risk-based symptom 
checkers’. Both the US and UK symptom checkers, in 
April 2020, relied more on qualitative questions designed 
to estimate how severe a case was, and made no account 
of the most consistent risk factors—age, duration of 
symptoms or the presence of breathlessness. In addition, 
only moderately severe comorbidities affected the CDC 
symptom checker triage decision and only ‘shielding 
category’ comorbidities affected triage dispositions in 
the NHS 111 symptom checker.2 We have termed these, 
‘severity-based symptom checkers’.

At the time of our initial study, the impact of the CDC 
symptom checker on actual case presentations to US 
hospitals was unknown. However, the ‘NHS 111 COVID-19 
Symptom Checker’ was a known gatekeeper for UK 
patients with suspected or confirmed COVID-19.8–11 As 

such, the symptom checker’s ‘decision’ to triage cases 
simulating time critical urgent medical problems—severe 
COVID-19, bacterial pneumonia and sepsis—to remain at 
home was considered by the authors as unsafe. No data 
existed on internal or external quality assurance studies, 
further compounding the concerns regarding the use of 
the NHS 111 COVID-19 symptom checker and patient 
safety. These concerns were raised with NHS Digital—the 
body responsible for the NHS 111 symptom checker—
both prior to publication and following. NHS Digital 
considered the concerns to be historic and not represen-
tative of the improved version of the symptom checker.12 
We, therefore, undertook a repeat analysis in June 2021.

METHODS
During the first week in June 2021, we undertook a 
follow-up analysis on national symptom checkers. In 
summary, we generated four distinct patient scenarios 
relating to COVID-19. The four scenarios included were 
fever with cough, comorbidity with fever and cough, 
immunosuppression with fever and cough, and short-
ness of breath with fever. We varied patient age, duration 
of symptoms and the severity of symptoms. In total, this 
generated 52 separate case simulations, including mild, 
moderate, severe and critical COVID-19, and COVID 
mimickers such as bacterial pneumonia and sepsis. Each 
case was applied by a single investigator (DG) to each 
symptom checker and the triage decision was recorded. 
We then calculated the total referral ratio (ie, propor-
tion of all 52 cases that were referred for clinical contact, 
regardless of the level of designation—call centre, 
primary care provider, or emergency department). A 
percentage ratio was generated of total referrals made by 
each symptom checker. We also noted specific features of 
each symptom checker for comparison.

In addition to the methods as described previously, we 
also completed analysis of symptom checkers from Scot-
land,13 Wales14 and Northern Ireland,15 and thus differ-
entiated the previously analysed NHS England symptom 
checker from the other three nations.

A more detailed methodology is explained by Mansab 
et al.2

RESULTS
Of the four nations included in the initial analysis of April 
2020, Singapore, the USA and all four nations within the 
UK continue to use symptom checkers as part of the 
national response to COVID-19. Japan was no longer 
using an accessible symptom checker, it being replaced 
by a flow chart. As such, it was excluded from further 
analysis.

Triage dispositions were slightly different for each 
symptom checker, but generally followed: stay home, or 
contact service provider/General Practioner (GP)/111, 
or go straight to emergency department/999.
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The current analysis was undertaken during a relatively 
low prevalence time, when COVID-19 inpatient burden 
was relatively low (table 1).16–18

Referral ratio
The rates of onward referral to any further healthcare 
contact for each national symptom checker were: Singa-
pore 100%, the USA 67%, Wales 65%, England 62%, Scot-
land 54% and Northern Ireland 46% (figure 1). Previous 
referral rates in April 2020 were: Singapore 88%, the USA 
38% and England 44%. For the triage disposition of indi-
vidual case simulations, see online supplemental data.

Specific features
The Singapore symptom checker currently refers all cases 
for a same day assessment at one of the nation’s public 
health clinics. It continues to refer all patients with any 
degree of breathing problems directly to the emergency 
department (scenario 4, online supplemental material).

The US (CDC) symptom checker referred twice as 
many cases on to clinical care than it did the year before. 
Notably, the advice for those referred had changed from 
‘contact medical provider within 24 hours’ to ‘contact 
medical provider as soon as possible’. Age was also now a 
considered risk factor for disease severity with all patients 
over the age of 65 years with suspected COVID-19 being 
advised to contact their medical provider regardless of 
disease severity or other comorbidity. The CDC symptom 

checker continued to triage those under 65 years of age 
with mild to moderate shortness of breath to stay home 
with no further clinical contact (scenario 4, online supple-
mental material).

The UK symptom checkers do not account for age in 
the triage decision in the case simulations undertaken, 
except for NHS Wales. NHS Wales ‘111’ symptom checker 
triaged all cases over the age of 70 years onward to call 
‘111’. Scotland, Northern Ireland and England continued 
to, for example, triage a 72 years old with cough and fever 
for 7 days to stay home with no healthcare contact or 
follow-up (scenario 1, online supplemental material).

In comparison to the year previously, the NHS England 
symptom checker now triaged any case with the subjec-
tive sense of shortness of breath onward to further health-
care contact (‘call 111’ for cases with self-rated mild to 
moderate shortness of breath, and the emergency depart-
ment for severe shortness of breath). If, though, short-
ness of breath is a secondary symptom (ie, feeling flu-like 
with shortness of breath), then patients are still advised to 
stay home, unless self-identified as severe (table 2).

DISCUSSION
The WHO guidelines on triage recommend that all 
patients with suspected or confirmed COVID-19 are 
clinically triaged.19 In many countries, this proves chal-
lenging due to national policy, healthcare accessibility, 
healthcare resources and the level of community trans-
mission of SARS-CoV-2. Most patients with COVID-19 
do not develop complicated illness and will resolve the 
infection without clinical intervention. Successful clinical 
pathways are able to pick out the COVID-19 pneumonia 
reliably and, crucially, early enough for basic medical care 
to prevent progression of disease.

There have been noticeable improvements in the 
symptom checkers that were first analysed in April 2020. 
Notably, the overall referral rate onward to healthcare 
contact has increased in the USA, UK and Singapore. 
Other features of the symptom checkers have also been 
improved. Singapore has included a question on immu-
nosuppression, although it still does not confer such 
patients to more urgent care. The CDC coronavirus 
symptom checker has now included age as a defining 
risk factor. Most symptom checkers have expanded 

Table 1  National inpatient healthcare burden and key population statistics. Source: World Bank and WHO

Singapore USA UK

Population data

 � Patients currently admitted to hospital per 10 000 inhabitants
 � (rate as per April 2020)

0.38
(2.23)

0.21
(0.43)

0.3
(2.29)

 � Mean national age (years) 44.2 38.4 40.5

 � Gross Domestic Product per capita (thousands of US dollars) 59.8 63.5 40.3

 � Physicians per 10 000 head of capita 24 25 28

 � Total case fatality rate (%) 0.05 1.8 2.8

Figure 1  Percentage ratio of absolute onward referrals of 
each national symptom checker. Black represents the total 
percentage of cases triaged onward to further healthcare 
contact. Grey represents the percentage of cases triaged to 
remain at home with no further planned healthcare follow-up.

https://dx.doi.org/10.1136/bmjhci-2021-100448
https://dx.doi.org/10.1136/bmjhci-2021-100448
https://dx.doi.org/10.1136/bmjhci-2021-100448
https://dx.doi.org/10.1136/bmjhci-2021-100448
https://dx.doi.org/10.1136/bmjhci-2021-100448
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the list of comorbidities affecting triage decisions. And 
while the seriousness of breathlessness is given variable 
attention by each national symptom checker, all seem to 
now give it more weight in triage decisions. While these 
changes move towards re-establishing the usual standards 
of care for patients with COVID-19, our results indicate 
that COVID-19 symptom checkers are too unreliable in 
discriminating mild from severe COVID-19, and, as such, 
are likely to confer too great a risk to public, and, if used 
in place of clinical triage, will only weaken the healthcare 
response to the pandemic.20

Specifics
Whether the CDC coronavirus symptom checker has 
in fact worsened outcomes for the USA or not remains 
unknown. It has not been formally integrated into the US 
healthcare system or COVID-19 clinical pathways. The 
fact it functions as a stand-alone patient-led triage service 
and is freely accessible to the public is concerning. While 
not formally or preferentially directed to the symptom 
checker, the US public can seek clinical advice from 
the automated service, and thereby, potentially—in the 
patient’s mind—negate the need to undertake actual clin-
ical triage. Given it cannot reliably differentiate between 
mild and severe COVID-19, any reassurance provided is 
neither dependable nor evidence based. For example, 
the CDC coronavirus symptom checker still advises the 
63 years old with a 7-day history of persistent fever and 

worsening cough to remain at home without contacting 
their healthcare service provider. In the absence of any 
discoverable quality and safety studies supporting its use, 
it would seem prudent to discontinue the use of the CDC 
coronavirus symptom checker until the CDC can prove its 
efficacy and safety, as would be the case for any diagnostic 
test.

Singapore remains consistent in its approach to the 
clinical management of COVID-19.21 All suspected cases 
of COVID-19 are clinically assessed by a physician and 
followed-up by primary care.22 This is consistent with the 
WHO technical guidelines and clinical recommendations 
for triage and management of COVID-19.19 During our 
previous analysis in April 2020, Singapore was suffering a 
surge of COVID-19 infections. The symptom checker was 
then set to advise the young, non-breathless patient with 
no comorbidities and a short duration of illness to self-
isolate and contact the public health clinic if symptoms 
worsened or had not improved by day 4.2 This remains 
a compromise to normal clinical care but may have 
achieved a low-risk reduction in healthcare burden. Now, 
with SARS-CoV-2 prevalence less than in April 2020, all 
suspected cases are clinically assessed.

Unlike the CDC and Singapore COVID-19 symptom 
checkers, the NHS ‘111’ symptom checkers have a clear 
and critical role in the national clinical response to 
COVID-19.8–11 Current advice in the UK to the public 

Table 2  Summary of the national COVID-19 symptom checkers’ triage criteria

Triage criteria

Risk-based symptom checker Severity-based symptom checker

Singapore CDC NHS 111

Duration of 
symptoms

Duration of symptoms affects triage 
outcomes.
Patients with symptoms over 4 days are 
always triaged in to further care.

Duration of symptoms does not 
alter triage outcomes.
No length of illness leads to triage 
in to further healthcare contact.

Duration of symptoms does not alter triage 
outcomes.
No length of illness leads to triage in to 
further healthcare contact.

Age Age affects triage outcomes.
Cases over the age of 65 years are always 
triaged on for further healthcare contact.
During times of low SARS-CoV-2 
healthcare burden, age is removed as a 
restriction to further clinical assessment.

Age affects triage outcomes
Cases over the age of 65 years 
are now triaged on to further 
healthcare contact.

Age has no bearing on triage advice for the 
NHS symptom checkers in England, Scotland 
and Northern Ireland.
NHS Wales triages all cases over the age of 
70 years to contact ‘111’.

Comorbidity Comorbidity affects triage outcomes.
Cases with any comorbidity are triaged on 
to further care.

Comorbidity affects triage 
outcomes.
Cases with moderately severe 
comorbidities are triaged on for 
further healthcare contact.

Comorbidity affects triage outcomes.
The type of comorbidity triggering triage on 
to further healthcare contact differs across 
the four nations.*

Shortness of 
breath

Any degree of shortness of breath 
is triaged straight to the emergency 
department.

Patients with severe 
breathlessness are triaged to the 
emergency department.
Patients with mild to moderate 
shortness of breath are advised to 
stay home with no clinical follow-
up.

Patients with severe breathlessness are 
triaged to the emergency department.
NHS England triage cases in to further care if 
self-rated breathlessness is mild to moderate 
and is the primary symptom, but not if a 
secondary symptom.
Scotland, Northern Ireland and Wales triage 
all patients self-reporting breathlessness to 
urgent ‘111’/General Practioner. If severe, the 
patient is advised to call ‘999’.

*NHS Scotland only triages cases with comorbidities that are on the shielding category list for further care. NHS Northern Ireland only triages cases 
with immunosuppression or conditions that have become more difficult to control since symptoms began. NHS Wales relies on shielding categories 
and also includes diabetes and pregnancy with heart conditions. NHS England use shielding categories and also consider immunosuppression, 
diabetes, heart disease, respiratory disease, kidney failure, liver disease or neurological disease.
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(including from contact tracers) is to self-isolate if 
COVID-19 is suspected or confirmed and if concerned 
about symptoms to use NHS 111 online services or call 
‘111’.23 Altogether this has generated—even during the 
low SARS-CoV-2 prevalence period of this analysis—
around 30 000 online triages per month in England, 
including around 900 online triages in those 70 years old 
and over.24 The NHS 111 COVID-19 symptom checkers 
act as a gatekeeper for further clinical contact. As such, 
the reliability of the UK’s symptom checkers and the 
triage criteria set by NHS 111 is critical to COVID-19 
patient outcomes and associated healthcare usage.

The NHS England symptom checker has increased the 
rate of onward referral since April 2020 and now refers 
patients with self-rated mild or moderate breathing diffi-
culties to call ‘111’. From both a patient safety and health-
care burden perspective, this is a welcomed improvement. 
However, the NHS England symptom checker (and to 
some degree the NHS Wales symptom checker) continues 
to attempt to quantify disease severity with subjective 
questions and qualifiers likely to cause under-reporting of 
true disease severity, as it did previously.2 It fails to reliably 
identify severe COVID-19 or other time-critical COVID 
mimickers.

Only the NHS Wales symptom checker accounted for 
age in the triage decision of the cases simulated. The 
reason for NHS Scotland, England and Northern Ireland 
not accounting for age—the most reliable predictor of 
disease severity—remains unclear.

None of the NHS symptom checkers account for ‘silent 
hypoxia’ (case scenario 1, online supplemental data). 
Silent hypoxia is the presence of hypoxia (low blood 
oxygen levels) without any sensation of breathlessness. 
It indicates severe or critical COVID-19 pneumonia and 
requires immediate inpatient care. Silent hypoxia affects 
up to one-third of patients presenting to hospital and 
carries a poorer prognosis.25 26 The inability of the NHS 
111 symptom checkers to identify cases suffering silent 
hypoxia is likely a terminal limitation to the success of 
such severity-based symptom checkers as viable triage 
tools for COVID-19.

The attempt of the NHS 111 COVID-19 symptom 
checker to determine if COVID-19 is present, then to 
assign a severity level (ie, non-severe), constitutes a diag-
nostic process.27 Given the NHS England symptom checker 
(and all UK national symptom checkers) then provide 
the clinical advice to ‘self-isolate’ and detailed advice on 
how to manage symptoms such as cough and breathless-
ness at home,28 it breaches the boundary between simple 
signposting (simply deciding who is the most appropriate 
next healthcare contact) and ventures into the area of 
diagnosis and clinical management (deciding what treat-
ment is appropriate based on an assessment). The NHS 
111 COVID-19 symptom checker should then, at the very 
minimum, be subject to the same quality standards as any 
other diagnostic test, including national regulation.

As the UK clinical COVID-19 pathway is heavily reliant 
on such symptom checkers, together with the subsequent 

diversion of patients away from actual clinical triage, the 
NHS 111 symptom checkers are likely to be contributing 
to the UK’s poor pandemic response, including the high 
morbidity and mortality. Also of growing concern is the 
impact the NHS 111 symptom checkers are likely to have 
on the resilience of society to tolerate background levels 
of SARS-CoV-2 and post-pneumonia complications (eg, 
long COVID-19) by delaying presentation of COVID-19 
pneumonia to timely, appropriate medical care.

Given the NHS ‘111’ symptom checkers have ventured 
into diagnosis and, arguably, clinical management, are 
currently gatekeepers to further healthcare access, fail to 
reliably triage severe COVID-19 on to further care, fail 
to account for age as a risk factor (except NHS Wales) 
and are likely to miss COVID-19 mimickers such as bacte-
rial pneumonia, considerable improvements are needed 
to render the current NHS 111 COVID-19 symptom 
checkers fit for purpose.

Future Direction
The use of symptom checkers as part of the national clin-
ical care pathway for COVID-19 (and future pandemics) 
requires considerably more research and validation.29 
Currently, none of the symptom checkers pose a viable 
option in replacing clinical triage, and as such, effort 
should focus on resourcing clinical triage services.

Data relating to the use of symptom checkers and the 
effects these have on future healthcare burden have not 
yet been analysed. At an operational level, the possibility 
of severity-based symptom checkers leading to an increase 
in healthcare burden, including an increase in high-
dependency admissions, should sponsor caution and an 
urgent review of any care pathways depending on such 
forms of patient-led triage. Our analysis suggests, severity-
based COVID-19 symptom checkers (such as the NHS 
111 or CDC versions) are likely to increase the healthcare 
burden associated with the pandemic (in comparison to 
clinically led, remote triage).

There is the equally challenging obstacle of national 
versus local triage to overcome. The current NHS 111 
symptom checker triages nationally using the same 
referral thresholds. This may have contributed to the 
disproportionate healthcare activity across the UK.27 
Where a national symptom checker is ‘set’ to respond to 
critical demand in, for example, London, those using the 
symptom checker in an area of low demand, for example, 
the Lake District, will also be held to the same, compro-
mised and rationed access to healthcare. This goes against 
the principles of triage, in that triage decisions must be 
responsive to resource availability. It is not justifiable—or 
logistically savvy—to ration access to healthcare preemp-
tively or without a definitive need to.

In the short term—pending further safety studies—a 
‘risk-based symptom checker’ may provide a possible 
low-risk solution to signposting potential COVID-19 
cases, under pandemic conditions. The usual standard 
remains an actual clinical assessment, but where health-
care resources are insufficient for such a standard of 

https://dx.doi.org/10.1136/bmjhci-2021-100448
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care, an untested symptom checker that can be adjusted 
in response to risk and demand would be preferable to 
an untested symptom checker attempting to determine 
clinical severity from an automated algorithm. A national 
symptom checker may still have a role in risk stratifying, 
and with the benefit of postcode localisation, there may 
be an ability to adjust the ‘risk necessary to take’ more 
accurately and based on local demands. Such a national 
service providing local risk stratification must be dynamic 
and responsive to demands, be under constant data 
collection and review, and be viewed as a considerable 
compromise to usual standards of care.

Whatever future version of COVID-19 symptom checkers 
manifest, they must be designed with the intention of 
detecting progressive COVID-19 or those at risk of severe 
disease, not designed with the intention of preventing 
healthcare contact. Triage itself is not resource saving. 
But the effort invested in the triage process yields high 
returns when cases of progressive COVID-19 pneumonia 
are detected early enough to avoid costly, protracted and 
complicated admissions. Triage systems must be viewed 
for what they are: an opportunity to maximise the use of 
available resources to prevent death, avoid disability and 
improve healthcare resilience.

CONCLUSION
The use of symptom checkers to triage patients during a 
pandemic or major incident is novel and untested. Our 
case simulation study provides little reassurance for their 
ongoing use. Even during a period of low healthcare 
burden, the symptom checkers deployed by both the USA 
and UK maintained a high threshold for onward referral. 
Neither symptom checker reliably triaged treatable, 
time-critical cases in to healthcare contact or follow-up 
and were unable to consistently differentiate mild from 
severe COVID-19. Of further concern, age is not factored 
in the triage decisions of the NHS 111 symptom checkers 
(except NHS Wales)—an unusual practice in clinical 
triage and well-below national and international stan-
dards of care.

Beyond the patient safety concerns, there is no evidence 
that COVID-19 symptom checkers reduce the health-
care burden associated with the pandemic. Our results 
suggest, by delaying the presentation of time-critical cases 
to medical care, it is quite likely the NHS 111 symptom 
checkers increase the healthcare burden associated with 
the SARS-CoV-2 pandemic in the UK.

In the absence of any safety, efficacy or quality assur-
ance studies to support the use of symptom checkers as 
triage tools, our results necessitate a recommendation 
for the NHS 111 symptom checker and CDC coronavirus 
symptom checker to be subject to further analysis prior 
to their ongoing use in COVID-19 clinical care pathways. 
The stakes of patient triage are simply too high, and the 
reliability of symptom checkers is simply too poor, to 
justify their ongoing use.
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ABSTRACT
Background  Methods to visualise patient safety data can 
support effective monitoring of safety events and discovery 
of trends. While quality dashboards are common, use and 
impact of dashboards to visualise patient safety event data 
remains poorly understood.
Objectives  To understand development, use and direct or 
indirect impacts of patient safety dashboards.
Methods  We conducted a systematic review in 
accordance with the Preferred Reporting Items for 
Systematic Reviews and Meta-Analyses guidelines. We 
searched PubMed, EMBASE and CINAHL for publications 
between 1 January 1950 and 30 August 2018 involving 
use of dashboards to display data related to safety targets 
defined by the Agency for Healthcare Research and 
Quality’s Patient Safety Net. Two reviewers independently 
reviewed search results for inclusion in analysis and 
resolved disagreements by consensus. We collected data 
on development, use and impact via standardised data 
collection forms and analysed data using descriptive 
statistics.
Results  Literature search identified 4624 results which 
were narrowed to 33 publications after applying inclusion 
and exclusion criteria and consensus across reviewers. 
Publications included only time series and case study 
designs and were inpatient focused and emergency 
department focused. Information on direct impact of 
dashboards was limited, and only four studies included 
informatics or human factors principles in development or 
postimplementation evaluation.
Discussion  Use of patient-safety dashboards has 
grown over the past 15 years, but impact remains poorly 
understood. Dashboard design processes rarely use 
informatics or human factors principles to ensure that the 
available content and navigation assists task completion, 
communication or decision making.
Conclusion  Design and usability evaluation of patient 
safety dashboards should incorporate informatics and 
human factors principles. Future assessments should also 
rigorously explore their potential to support patient safety 
monitoring including direct or indirect impact on patient 
safety.

INTRODUCTION
Since the 2000 release of the Institute of 
Medicine’s landmark report, To Err is Human: 
Building a Safer Healthcare System,1 healthcare 
organisations have increasingly gathered, 
analysed and used data to improve the safety 

of healthcare delivery. Despite increased 
research and quality improvement efforts, 
how data on patient safety events is commu-
nicated to people who will act on these data 
is not well understood. For instance, due 
to national quality reporting programmes, 
such as the Centers for Medicare & Medicaid 
Services’ Quality Payment Program,2 which 
adjusts healthcare organisation’s reimburse-
ment rates based on meeting certain quality 
measures, dashboards have been used exten-
sively to visualise and disseminate process-
based quality measures such as understanding 
how well haemoglobin A1c is controlled 
across all of a clinic’s patients. However, an 
understanding of how commonly dashboards 
are used for patient safety-specific measures 
and how effective they are at advancing 
patient safety efforts and safety culture 
remains unknown.

Dashboards have been used extensively 
within and outside healthcare and serve as a 
form of visual information display that allows 
for efficient data dissemination.3 4 Dash-
boards aggregate data to provide overviews of 
key performance indicators to facilitate deci-
sion making, and when used correctly, enable 
efforts to improve an organisation’s structure, 
process and outcomes.4 5 For dashboards to 
play a strategic role in communicating patient 
safety data, it is essential they are designed 
to relay key information about performance 
effectively.6 Thus, the dashboard design must 
consider informatics and human factors prin-
ciples to ensure information is efficiently 
communicated. Informatics and human 
factors approaches have been successful in 
the design and evaluation of user interfaces 
in healthcare, and have variably been applied 
to dashboard development.7 One common 
approach is user-centred design, which is an 
iterative design process that aims to optimise 
usability of a display by focusing on users 
and their needs through requirement anal-
ysis, translation of requirements into design 
elements, application of design principles 
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and evaluation.8 Considering dashboards, usability would 
be defined as the extent to which a dashboard can be 
used by clinicians to understand and achieve specified 
goals with effectiveness, efficiency and satisfaction in clin-
ical settings.9

Three main goals that guided this study were: (1) To 
understand the frequency and settings of use of patient 
safety dashboards in healthcare, (2) To determine the 
effectiveness of dashboards on directly or indirectly 
impacting patient safety at healthcare organisations 
and (3) To determine whether informatics and human 
factors principles are commonly used during dashboard 
development and evaluation. Our study focused on dash-
boards that displayed the frequency or rate of events, 
that is, those that facilitated retrospective review of past 
safety events to reduce these types of events in the future 
or dashboards that identified safety events of individual 
patients in real-time in order to mitigate further harm. 
We excluded dashboards that only displayed risk of an 
event.

METHODS
Design
We conducted a systematic literature review in accor-
dance with the Preferred Reporting Items for Systematic 
Reviews and Meta-Analyses guidelines.

Search strategy and inclusion criteria
We searched all available published and unpublished 
works in English using three literature databases 

(MEDLINE via PubMed, EMBASE and CINAHL). Publi-
cations were eligible for inclusion if they included discus-
sion about a dashboard for displaying patient safety event 
data in the healthcare setting. Patient safety event data 
were based on the list of ‘Safety Targets’ (table 1) on the 
Agency for Healthcare Research and Quality’s (AHRQ) 
Patient Safety Network (PSNet),10 and excluded process 
measures. Because of the variety of topics within patient 
safety, we ultimately used only the word ‘dashboard’ in 
our keyword and title search of all three databases, since 
this maximised the number of known publications iden-
tified without excluding relevant publications. Thus, our 
inclusion parameters, in PICOS format, were:

Population: Organisations providing medical care.
Interventions: Dashboards used to disseminate patient 

safety data (defined as measures related to any topic 
defined as a ‘Safety Target’ (table 1) by the AHRQ).10

Comparators: Settings with and without the use of 
patient safety dashboards.

Outcomes: (1) Settings where patient safety dashboards 
were used and (2) Impact of use of patient safety dash-
boards on reducing patient safety events.

Time frame: Studies published in English from 1 
January 1950 to 30 August 2018.

Setting: Ambulatory care, inpatient and emergency 
department settings.

Screening process
After manually removing duplicates and non-journal 
publications (eg, magazine articles and book chapters), 

Table 1  Agency for Healthcare Research and Quality Safety Targets

No Safety topic Examples

1 Alert Fatigue Failure to recognise ventilator alarm

2 Device-related complication Device malfunction

3 Diagnostic errors Delayed stroke diagnosis, test misinterpretation

4 Discontinuities, gaps and hand-off problems Missed critical lab result

5 Drug shortages Antibiotics shortage

6 Failure to rescue Death from postpartum haemorrhage

7 Fatigue and sleep deprivation Resident errors due to sleep deprivation

8 Identification errors Wrong-patient procedures

9 Inpatient suicide Death of hospitalised patient

10 Interruptions and distractions Incorrect surgical counts due to distractions

11 Medical complications Falls, pressure ulcers, nosocomial infections, thromboembolism

12 Medication safety Dispensing errors, medication-related hypoglycaemic or renal failure

13 MRI safety Harm related to unsafe MRI practice

14 Nonsurgical procedural complications Bedside procedure complications

15 Overtreatment Complications after inappropriate antibiotic use

16 Psychological and social complications Privacy violations

17 Second victims Clinician emotional harm after adverse event

18 Surgical complications Unexpected return to surgery, surgical site infection

19 Transfusion complications Transfusion of incompatible blood types

From: https://psnet.ahrq.gov/Topics.
MRI, Magnetic Resonance Imaging.

https://psnet.ahrq.gov/topics-0
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two authors (DRM and TS) with expertise in clinical 
care, informatics and human factors reviewed titles and 
abstracts of each remaining article or abstract. Works 
were only included if they described display of patient 
safety event data (based on AHRQ’s PSNet list of Patient 
Safety Targets) on a dashboard. Publications that 
discussed only non-safety event-related aspects of quality 
(eg, haemoglobin A1c control or rates of mammography 
screening) were excluded. Similarly, literature on dash-
boards displaying risk factors to prevent patient safety 
events rather than events themselves (eg, intensive care 
screens that display a particular patient’s heart rate and 
oxygenation saturation or calculate a real-time risk level) 
were beyond the scope of this study and were excluded. 
We reviewed all publications potentially meeting study 
criteria in full. Reviewers discussed each inclusion, and 
disagreements regarding whether an article or abstract 
met criteria were resolved by consensus.

Publication evaluation
Three authors (DRM, TS and AS) independently 
extracted data from each identified publication using 
a structured review form. Reviewers specifically identi-
fied (1) the setting the dashboard was used in, (2) the 
patient safety topic displayed on the dashboard, (3) the 
type of informatics or human factors principles used in 
dashboard design or usability evaluation performed on 
the final dashboard and (4) the impact of the dashboard, 
both related to reducing patient safety events in the 
setting where it was used and other impacts identified by 
each publication’s authors. To assess the level of evidence 
in improving patient safety, reviewers also assessed the 
study type and whether a control or other comparison 
group was used. Findings are aggregated and reported 
using descriptive statistics.

RESULTS
Our literature search identified a total of 4624 results 
(PubMed: 693, CINAHL: 2590, Embase: 1341). After 933 
duplicates were removed, 3691 result entries remained. 
One reviewer (TS) subsequently removed 2134 maga-
zine articles, newspaper articles, thesis papers, confer-
ence papers, reports that were unrelated to the topic 
of patient safety, as well as publications not in English. 
Titles and abstracts of the remaining 1557 articles and 
conference abstracts were independently reviewed by two 
reviewers (TS and DRM). Reviewers manually reviewed 
titles and abstracts and excluded (A) publications that 
did not include discussion of a dashboard as a primary 
or secondary focus, and (B) publications where dash-
boards were mentioned, but the dashboard did not 
include measures related to any of the AHRQ ‘Safety 
Targets’ (table 1). After exclusions, reviewers identified a 
combined total of 81 publications that warranted further 
review of the entire publication. Reviewers discussed 
each publication, and after consensus, identified 33 final 
publications that warranted inclusion in the analysis. 
Reference sections of each publication were reviewed for 
additional sources but did not identify additional publica-
tions. Figure 1 displays a flow chart of the search strategy.

Search results
The final set included 33 publications, including 5 confer-
ence abstracts and 28 full articles (table 2). The earliest 
publications describe use of patient safety measures on 
a dashboard in 2004, 2005 and 2006,11–13 followed by a 
paucity of additional publications until 2010.

Clinical settings
All patient safety dashboards were used in the hospital 
setting, often at the level of the entire hospital or hospital 

Figure 1  Flow chart of literature search results and the selection process of accepted/excluded publications.
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system. Several patient safety dashboards were used in 
ICUs,12 14–16 hospital wards,11 12 17–22 pharmacies,21 23 emer-
gency departments and trauma centres,24–26 and surgical 
settings.12 27 28 No use of patient safety dashboards was 
identified in the ambulatory care setting.

Patient safety topics
The most common use of patient safety dashboards (11 
of 33) was tracking hospital infections (figure 2). Types 

of infection tracked included central line-related blood 
stream infections,14 16 29–31 ventilator-associated pneu-
monia,14 16 29 30 32 catheter-associated urinary tract infec-
tions,14 29 30 33 methicillin-resistant Staphylococcus aureus 
infections,29 30 34 vancomycin-resistant Enterococcus infec-
tions30 and Clostridium difficile infections.29 30 Dashboards 
additionally displayed rates of pressure ulcers,11 12 14 20 22 34 35 
patient falls11 29 36–38 and medication-related errors,13 18 23 39 40 

Table 2  Final studies using patient safety dashboards identified during literature search

Citation Type Setting Safety topic Study type

Anand (2015)14 Article Paediatric cardiac ICU Pressure ulcers, unplanned extubation, hospital 
infections (CAUTI, CLABSI, VAP)

Case report

Bakos (2012)24 Article Trauma centre Hospital infections (CLABSI) Case report

Chandraharan (2010)17 Article Maternity ward Postpartum haemorrhage Case report

Coleman (2013)18 Article Hospital wards Medication-related events Time series

Collier (2015)22 Article Inpatient maternity and 
paediatrics wards

Pressure ulcers Case report

Conway (2012)25 Article Trauma centre Surgical site infections Case report

Dharamshi (2011)27 Article Surgery Return to surgery Case report

Donaldson (2005)12 Article Surgery, critical care floors Pressure ulcers, falls Case report

Fong (2017)23 Article Pharmacy Medication-related events Case report

Frazier (2012)29 Article Whole hospital Falls, hospital infections (MRSA, C. Diff, VAP, 
CLABSI, CAUTI), Pressure ulcers

Case report

Gardner (2015)36 Article Whole hospital Falls Case report

Hebert (2018)15 Article Cardiac surgery unit and 
ICU

Hospital infections (VAP) Time series

Hendrickson (2013)30 Abstract Whole hospital Hospital infections (VAP, CLABSI, CAUTI, MRSA, 
VRE, C. Diff)

Case report

Hyman (2017)37 Article Whole hospital Hospital infections (CLABSI, CAUTI, CAP), falls, 
VTE

Case report

Johnson (2006)13 Article Whole hospital Medication-related events Case report

Lau (2012)19 Abstract Hospital oncology and GI 
departments

Delays in biopsy follow-up Case report

Lo (2014)33 Article Whole hospital Hospital infections (CAUTI) Case report

Mackie (2014)35 Article Whole hospital Pressure ulcers Time series

Madison (2013)31 Abstract Whole hospital Hospital infections (CLABSI) Case report

Mane (2018)26 Article Emergency department Delays in CVA diagnosis Case report

Mayfield (2013)16 Abstract ICU, oncology ward Hospital infections (CLABSI, VAP) Case report

Mazzella-Ebstein (2004)11 Article Hospital wards Pressure ulcers, falls, DVTs Case report

Milligan (2015)41 Article Whole hospital Hypoglycaemic Time series

Mlaver (2017)20 Article Hospital floor Pressure ulcers, hypoglycaemic Case report

Nagelkerk (2014)50 Article Paediatrics ward Hospital deaths Case report

Pemberton (2014)51 Article Dental hospital Wrong-site surgery, falls, medication errors Case report

Rao (2011)32 Abstract Whole hospital Hospital infections (VAP) Case report

Ratwani (2015)38 Article Whole hospital Falls Case report

Riley (2010)34 Article Whole hospital Hospital infections (MRSA, C. Diff), falls, pressure 
ulcers, medication errors

Case report

Rioux (2007)28 Article Surgery Surgical site infections Time series

Skledar (2013)39 Article Whole hospital Medication-related events Case report

Stone (2018)40 Article Whole hospital Medication-related events Case report

Waitman (2011)21 Article Hospital wards, pharmacy Renal failure Case report

CAUTI, catheter-associated urinary tract infection; C. Diff, Clostridium difficile; CLABSI, central line-associated blood stream infection; CVA, cerebrovascular 
ccident; DVT, deep vein thrombosis; GI, gastrointestinal; ICU, intensive care unit; MRSA, methicillin-resistant Staphylococcus aureus; VAP, ventilator-associated 
pneumonia; VRE, vancomycin-resistant enterococcus infection; VTE, Venous Thromboembolism;
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followed less commonly by other patient safety topics (See 
table 2 for all safety topics and figure 2 for chart of topic 
frequencies).

Impact of Dashboard use and level of evidence
Of all studies identified, 5 used a time series 
design15 18 28 35 41 while the remaining 28 used case report 
designs describing specific implementations of patient 
safety dashboards without statistical analyses performed. 
Of the five time series studies, Coleman et al18 identified a 
0.41% decrease in missed doses of medications other than 
antibiotics (p=0.007); however, it was part of four concur-
rent interventions to reduce missed and delayed medica-
tion doses, and thus, the specific impact of the dashboard 
was unclear. Similarly, Milligan et al41 reported a reduction 
in hypoglycaemic rates, Rioux et al28 reported a decrease 
in surgical site infections over a 6-year period after dash-
board implementation, and Mackie et al35 reported a 
reduction in hospital-acquired pressure ulcers; however, 
in each case, the dashboard was one aspect of a broader 
campaign to reduce the respective patient safety events. 
Other studies, including Bakos, Chandraharan, Collier, 
Conway, Hebert, Hendrickson and Hyman,15 17 22 24 25 30 37 
reported a subjective reduction in patient safety events, 
but did not describe a statistical analysis. The remaining 
publications did not include discussion of the direct or 
indirect impact of the dashboard on patient safety events.

Most publications that evaluated the dashboard focused 
instead on sensitivity and specificity of dashboard measures, 
employee satisfaction with the dashboards and reduction in 
time required to gather data for the dashboard compared 
with previous manual data collection. Another impact of 
dashboards described included dissemination of patient 
event data in real time or closer to real time than previ-
ously possible due to algorithms that monitor electronic 

patient safety data and automatically update dashboards. 
Direct impact on culture and staffing levels of patient 
safety personnel were not described in any of the studies. 
However, as described above, several studies implemented 
dashboards as a package with other patient safety-focused 
efforts, suggesting changes in culture, infrastructure, and 
staffing likely occurred, but concomitantly with the dash-
board implementation rather in response to it.

Usability
Only two studies used a human factors approach for design 
and evaluation of dashboards. Ratwani and Fong38 described 
a development process employing commonly accepted 
human factors design principles,42 followed by focus groups 
with users and a 2-week pilot phase to collect usability 
data and make improvements to the dashboard. Mlaver et 
al20 used a participatory design approach that employed 
collaboration with users during iterative refinements. Two 
additional studies discussed more limited efforts to obtain 
feedback. Dharamshi et al27 performed a limited usability 
analysis with an anonymous survey of dashboard users at 
6-months after implementation to understand factors that 
limited the usability of the dashboard. Stone et al40 itera-
tively obtained feedback from physician users between 
dashboard revisions. However, the majority of studies did 
not describe the use of an informatics or human factors 
approach that considered usability design principles, user-
centred design processes or usability evaluation methods. 
Thus, there was little evidence of design elements that were 
most useful or usable across scenarios or settings.

DISCUSSION
Our systematic review identified 33 publications discussing 
the use of dashboards to communicate and visualise 

Figure 2  Number of publications identified by dashboard patient safety topic.
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patient safety data. All publications were published since 
2004, suggesting increased measurement of patient safety 
after the 1999 publication of To Err is Human. All publica-
tions involved display of patient safety events in the inpa-
tient setting, the most common of which were hospital 
acquired infections. There may, thus, exist opportunities 
for similar efforts in the ambulatory setting (eg, falls, lost 
referrals, abnormal test results lost to follow-up or medi-
cation prescribing errors).

Overall, the level of evidence that dashboards directly 
or indirectly impact patient safety was limited. Only five 
of the publications used time series designs with the 
remaining designs comprised of case reports of dashboard 
implementations either alone or as part of broader patient 
safety interventions. No interventional studies were iden-
tified. Most studies reported on accuracy of the measures 
displayed or survey-based user satisfaction with the dash-
board, rather than the dashboards’ impact on patient 
safety events. Studies that provided data on reductions in 
patient safety events either did not report statistical anal-
yses to support the reduction, or more commonly, were 
part of a broad process improvement effort containing 
multiple interventions, making it difficult to tease out 
which intervention truly impacted safety. While it can be 
argued that the intent of a patient safety dashboard is 
to communicate data about the extent of safety issues at 
an organisation and support other improvement efforts, 
the act of showing data via a dashboard may alone have 
an impact of motivating quality and safety efforts. Dash-
boards likely have impacts on safety culture and indirectly 
lead to allocation of resources to reducing patient safety 
events. The studies identified did not describe these 
impacts in response to dashboard implementation, and 
thus, this topic warrants future exploration.

Most publications described dashboard development 
as a quality improvement approach to addressing a 
specific organisational problem or to meet institutional 
or national standards. Several studies reported high user 
satisfaction with the dashboard, though these were often 
limited assessments and did not capture whether users 
fully understood the content of the dashboard. With four 
exceptions, studies lacked informatics or human factors 
design approaches during development, application of 
standardised design principles and use of usability evalua-
tions. Without informatics, human factors or user-centred 
design approaches, information requirements from 
users may not be well understood. Thus, there is limited 
evidence about the dashboard acceptance, frequency of 
use or whether dashboards satisfactorily met the needs 
of intended users. For example, a common mention 
was use of colour coding following a traffic light scheme 
(red=poor status, yellow=warning, green=good status), 
without a formal evaluation of the usability for the 8% 
of men and 0.5% of women in the population with red-
green colour blindness.43

Some dashboards were implemented within a bundle 
of other interventions. The lack of dashboard usability 
testing before and after implementation made it difficult 

to identify the impact or effect of the dashboard. As with 
many clinical informatics interventions, there could be 
numerous social and/or technical factors that may have 
influenced the reported outcomes beyond the dash-
board. Rigorous informatics and human factors design 
approaches44–47 are needed to improve the use and impact 
of patient safety dashboards. Because intervention devel-
opment is often time constrained, rapid qualitative assess-
ment approaches or human factors methods involving 
rapid prototyping,48 49 for example, can be adapted to 
meet the shorter timelines needed for rapid cycle quality 
improvement. This will ensure dashboards are useful 
and usable and generate much needed evidence about 
efficiency, effectiveness and satisfaction in various care 
settings.

Our study has several limitations. First, it is subject to a 
potential reporting bias. While we analysed publications 
based on the content reported, it is possible that addi-
tional statistical analyses and usability assessments were 
performed that were not reported. Furthermore, there 
is likely to be greater use of patient safety dashboards 
developed as part of routine quality improvement efforts 
within healthcare organisations, but these may not be 
published. Nevertheless, this is an area that is ripe for 
additional research. Second, there was a significant vari-
ability in how dashboards were described, ranging from 
basic text descriptions to full-colour screenshots. This 
variability made performing standardised usability assess-
ments impossible. Finally, our search was limited to the 
publications present in the databases we searched. While 
we used three different databases to mitigate this impact, 
if publications did not appear in any of our search data-
bases, they would have been missed.

In conclusion, we identified a growing use of patient 
safety dashboards, largely focused on displaying inpatient 
safety events. Due to limited use of informatics and human 
factors-based approaches during development or postim-
plementation evaluation, the usability of such dashboards 
was difficult to assess. Furthermore, because of limited 
evaluation of the impact of dashboards and because dash-
boards were often implemented as part of a variety of 
process improvement efforts, the literature is not clear on 
direct impact of dashboard implementation on patient 
safety events. Because well-designed dashboards have 
potential to support patient safety monitoring, our study 
should encourage integration of informatics and human 
factors principles into design and usability evaluation of 
dashboards as well as assessment of their direct or indi-
rect impact on patient safety.
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Clinical risk prediction models (CRPMs) are 
statistical models that aim to improve medical 
decision making by providing an objective 
measure of potential health outcomes based 
on data.1 In recent years, there has been 
an explosion in the development of such 
models across all areas of medical care. Addi-
tionally, the adjunct of artificial intelligence 
(AI), which builds on traditional statistical 
prediction methods using machine learning, 
models are increasing in complexity and 
potential accuracy.2 However, the adoption 
pathway of CRPMs and AI models is similar, 
with both requiring access to data for model 
development, regulatory approval and effec-
tive implementation into the workflow of 
clinicians.

Despite significant potential, only few 
CRPMs have been implemented into practice 
and achieved patient benefit.3 In this editorial 
we explore the incentives of producers, inter-
mediaries and users of CRPMs and discuss 
how a lack of alignment has failed to realise 
their potential to achieve intended benefits. 
AI in healthcare faces a similar threat and we 
propose a novel solution to mitigate this for 
the future.

Currently, models are mainly produced 
in the academic context, where there is 
access to data and methodological exper-
tise. Researchers are incentivised by tradi-
tional academic objectives, such as published 
papers, conference presentations or other 
scientific accolades. This results in a failure to 
pursue a successfully validated model beyond 
these goals. If further motivation (and often 
funding) allows, efforts are focused on 
improving the statistical accuracy or under-
taking external validation studies, rather 
than exploring implementation or clinical 
usability.

Furthermore, any software, such as a 
CRPM or a clinical AI model, is by definition 
a medical device.4 This means that they are 

subject to conformity assessments and regu-
latory approval prior to being placed on the 
market.5 Most researchers will not have the 
expertise to undertake this, or have access to 
the relevant support to navigate this process. 
Additionally, software requires regular 
updates and maintenance, which may come 
with considerable running costs. Currently, 
there is no clear understanding of whom to 
attribute these to, yet they are critical to the 
longer-term safety, efficacy and viability of a 
CRPM.

Clinically validated and approved models 
are typically implemented as stand-alone 
web or mobile applications. This creates 
usability barriers, as users access an external 
interface and manually transcribe data to 
receive results.6 In reality, electronic health 
record (EHR) vendors could act as interme-
diaries and integrate models directly into 
their systems, complementing the clinical 
workflow. However, the vendors would have 
to take responsibility for the medical device 
regulation, maintenance and associated costs. 
The value proposition for vendors to foot 
these costs and risks is currently not there, 
especially as clinical stakeholders do not yet 
expect such functionalities in EHRs. An alter-
native could be for vendors to provide third 
party companies an application program-
ming interface (API) to their EHR. However, 
as there is no single API standard, third party 
model suppliers would have to integrate 
with each EHR individually. This would be 
compounded with ongoing licensing fees, 
making for a precarious business model for 
what are usually small enterprises.

ALIGNING INCENTIVES WITH BLOCKCHAIN 
TECHNOLOGY
The individual incentives of the producers 
(researchers), intermediaries (EHR vendors) 
and users (healthcare providers) are 
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currently unaligned. The academic environment or EHR 
market has not incentivised the conversion of technical 
discovery to integrated product development, limiting 
the ‘bench-to-bedside’ pathway of CRPMs. To prevent a 
similar experience for AI models, we must develop strat-
egies that align incentives and create a value proposition 
for all involved parties.

A potential solution could be a national infrastructure; 
a marketplace for models, all clinically validated and 
compliant with medical device regulations. Blockchain, 
a form of distributed ledger technology (DLT), may 
facilitate such an infrastructure by securely hosting the 
marketplace and allowing the producers to be remuner-
ated when their model is used through smart contracts.

Blockchain is an open network of distributed data 
stored in secure blocks, which are available to all partici-
pants (known as ‘nodes’) on a network.7 By distributing 
blocks across all nodes, the data in the network is diffi-
cult to hack, change or corrupt, creating a traceable, 
immutable and secure record of transactions between 
nodes.8 Blockchain has therefore been widely discussed 
in the context of sharing electronic patient records.9 
Smart contracts are a digital technology that execute an 
financial transaction recorded in a blockchain when a 
predefined condition is met.10

Blockchain and DLT could support the implementation 
and financial reward for CRPMS: models could be published 
to the national marketplace, hosted on the blockchain and 
clinical data could be entered securely to receive results with 
a micro-payment triggered at every use, via smart contracts. 
Defining a national vendor-neutral API standard for models 
would make the marketplace accessible from all EHRs that 
implement it. A recognised body could regulate this process 
alongside an established framework, such as the UK govern-
ment’s guide to good practice for digital and data-driven 
health technologies.11 The traceability provided through a 
DLT-based solution would build trust among all stakeholders 
and allow a shared interest to develop.

An example of a CRPM that this could apply to is the 
CHA(2)DV(2)-VASc score, which is used to predict the risk 
of stroke in patients with atrial fibrillation, and thus guide 
the need for blood-thinning medication.12 The producers 
would publish their model to the marketplace, who would 
take the responsibility of assessment conformity and regu-
latory approval. Once the model is live, EHR vendors could 
integrate it into their interface using the standardised API.

This would increase the use of CRPMs by clinicians as they 
are incorporated into their workflow, provide a monetary 
incentive for researchers to pursue models to implementa-
tion and integration and finally, make EHRs that integrate 
CRPMs more attractive for healthcare providers to procure. 
Figure 1 illustrates this concept, highlighting how blockchain 
technology can align incentives and operationalise current 
and future CRPMs and AI models.

The traditional medical research path is linear with 
rigid objectives and little concern for commercialisa-
tion. However, it is evidence-focused and rightly, prior-
itises safety and regulation. In contrast, technology 

development is agile, iterative and focused on real-
world application.13 There remains a need to create a 
joint culture across academic and industry stakeholders 
to harmonise expertise and develop meaningful digital 
health solutions. Recent efforts, such as the proposed 
Decision-support systems driven by artificial intelligence 
guidelines, support this by calling for early clinical evalu-
ation with a view to bridging the current implementation 
gap of AI models.14

The introduction of Chief Clinical Informatics Officers 
and digital strategies by healthcare providers will help 
regulate and adopt these technologies going forward,15 
however, a collaboration across the vendor industry 
remains essential. A drive towards business success may 
incentivise researchers, vendors and healthcare providers 
appropriately to pursue solutions and achieve intended 
benefits. Interdisciplinary and cross-industry health 
research, with a long-term focus on clinical impact can 
thus unlock the potential of CRPMs and AI, leading to 
radical change in patient care and outcomes.
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Figure 1  Conceptual representation of a vendor-neutral 
distributed ledger-based CRPM marketplace to maintain data 
security with the use of smart contracts to facilitate micro-
payments. API, application programming interface; CRPMs, 
clinical risk prediction models; EHR, electronic health record.
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Rapid vaccine breakthroughs for the SARS-
CoV-2 viral pandemic have been enabled 
by genomics-based designs and biomedical 
informatics-driven experimentation relying 
on many algorithmic and artificial intelli-
gence (AI) methods. Great hopes expressed 
about informatics for the humanitarian 
amelioration of pandemics internationally 
depend on data analytics and AI for predicting 
COVID-19 spread and public health preven-
tion measures, diagnoses and treatments. 
Yet, bioinformatics-enabled vaccine devel-
opment has turned out to be the only truly 
indispensable technological work-around 
compensating for the tragic worldwide short-
comings in pandemic responses and insuffi-
ciencies in epidemiological genomics data 
infrastructures.1

Any AI in a healthcare informatics system 
must target recommendations and actions 
to individual patients and this requires 
high-quality relevant data to be extracted 
and prioritised from heterogenous mixes of 
statistics, for which much more sophisticated 
and reproducible methods of semantic anno-
tation, knowledge-based design and cross-
validation are needed than commonly used 
today. These need to build on experience 
with multiple methods of expert-knowledge 
representation and inference beyond purely 
data-driven machine learning. Especially 
important is to identify high-risk or vulner-
able subpopulations to avoid biased misap-
plication of machine learning and other AI 
techniques that could exacerbate healthcare 
inequalities during the COVID-19 pandemic 
and beyond.2 Natural language analysis has 
become a major enabling breakthrough 
for extracting information from the liter-
ature and from big data sources, such as 
electronic health records, laboratory tests, 
public databases and others. Combined with 

image analysis, there are initial prototypes 
and great expectations reported for tracking 
the COVID-19 pandemic.3 Yet, unfortu-
nately, machine learning methodologies for 
producing personalised diagnostics and ther-
apeutics are still largely fragile, unexplainable 
and often insufficiently reproducible.4 Serious 
medical actions cannot be algorithmically 
and automatically taken without review and 
integration with final decision-making judg-
ments of human experts, who draw not only 
on their experiences in interpreting statis-
tical data subjectively but are also required 
to take clinical and legal responsibility for 
the ethical treatment of patients.5 Expert 
professionals cannot be totally replaced by 
algorithmic or AI ‘Chatbots’, so admired for 
efficiency in business or entertainment IT. 
And even in these less ethically challenged 
fields, automated software rarely truly satisfies 
the needs of customers. An extensive review 
of AI machine learning methods for predic-
tive modelling of COVID-19 infections from 
lung CT images concluded that a majority of 
models were at risk of being biased, leading 
to unreliable results, noting that: ‘In their 
current reported form, none of the machine 
learning models included in this review are 
likely candidates for clinical translation for 
the diagnosis/prognosis of Covid-19’.6

The above conclusions coincide with the 
authors’ experience in biomedical AI over 
many decades.7 Better and thoroughly tested 
and evaluated models are needed to explain 
human–machine reasoning under risk and 
uncertainty. Because the rapid onset of the 
COVID-19 pandemic required correspond-
ingly urgent responses, most COVID-related 
AI tools did not undergo comprehensive 
evaluations, including for those for ethical 
use, although history has shown this to be 
essential for clinical systems. An urgent 
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undertaking to make the current predominantly data-
driven AI methods (eg, deep learning) clinically usable is 
to develop innovative advanced cognitive models that are 
humanely explainable, and ethically driven knowledge-
and-experience-based. The COVID-19 pandemic rein-
forces lessons that for AI to be effective, unbiased and 
reliably trustworthy for patient care in clinical epidemio-
logical settings, novel AI approaches are urgently needed. 
These will have to be highly problem focused,8 so the best 
expert judgments can exploit specific clinical phenotypes 
from precision medicine developments to interactively, 
securely, and in clearly explained ways take advantage 
of the latest computational techniques of structured, 
indexed data and knowledge base design.

In summary, AI has been key in producing computa-
tional genomic analyses and techniques essential for the 
exceptionally rapid development of COVID-19 vaccines, 
but expectations that it will play a substantial role in 
clinically helping handle the current pandemic remain 
premature, largely based on inadequately tested early 
prototypes. Lessons learnt during the present COVID-19 
pandemic will all have to be critically reviewed and 
completely new, human-interactive and humanely tested 
AI developed beyond current data-analytical insights, so 
the world can respond more effectively with unbiased 
ethical responsibility to pandemics in the future.
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