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Background: The need for life-saving interventions such as mechanical ventilation may threaten to outstrip
resources during the Covid-19 pandemic. Allocation of these resources to those most likely to benefit can be
supported by clinical prediction models. The ethical and practical considerations relevant to predictions supporting
decisions about microallocation are distinct from those that inform shared decision-making in ways important for

Main body: We review three issues of importance for microallocation: (1) Prediction of benefit (or of medical
futility) may be technically very challenging; (2) When resources are scarce, calibration is less important for
microallocation than is ranking to prioritize patients, since capacity determines thresholds for resource utilization; (3)
The concept of group fairness, which is not germane in shared decision-making, is of central importance in
microallocation. Therefore, model transparency is important.

Conclusion: Prediction supporting allocation of life-saving interventions should be explicit, data-driven, frequently
updated and open to public scrutiny. This implies a preference for simple, easily understood and easily applied
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Background

During the Covid-19 pandemic, the need for life-saving
interventions, particularly mechanical ventilation and
extracorporeal membrane  oxygenation (ECMO),
threatens to outstrip available resources in some set-
tings. A cogent ‘multiprincipled’ approach to rationing
health care resources during the current crisis has been
distilled from decades of debate on the difficult subject
of microallocation of scarce health care resources [1].
First among these principles is prioritizing patients to
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save ‘the most lives and... [maximize] post-treatment
length of life’

Yet how is this to be done? Because prognostication
by physician clinical judgment is vulnerable to myriad
cognitive biases [2] and prone to error [3, 4], and be-
cause the extreme psychological burdens of this ap-
proach to allocation of life-saving resources should be
avoided, there is an important potential role for prog-
nostic models. Prognostic models can offer actuarial ob-
jectivity for critical decision-making, ameliorating the
influence of human biases. Many Covid-specific models
have already been developed, although an early review
indicates they have a high risk of bias [5]. In this view-
point, we highlight methodological aspects of prediction
that are of special relevance for allocating life-preserving
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interventions and have received little attention in more
general methodological guidance for clinical prediction
modeling [6, 7]. We believe the considerations we note
may be underappreciated, as they do not apply (or may
be less salient) in more typical clinical contexts that em-
ploy prediction for shared decision-making with
patients.

Main text

Prediction of potential benefit (or of medical futility) is
technically challenging

What predictions could be useful in the setting of ra-
tioning a potentially life-saving but scarce resource?
Under a utilitarian framework, the prediction of interest
is the probability of benefit (i.e. probable outcomes with
versus without ventilator support). However, forecasting
causal counterfactuals is almost impossible to do reliably
from non-randomized data [8]. Instead, prognosis is
used as an imperfect surrogate to predict the potential
for benefit.

While more generally it is assumed that patients at
highest risk derive the most benefit from medical inter-
ventions, amongst the critically ill, this assumption is
turned on its head: medical futility (i.e. dismal prognosis
despite maximal therapy) is typically thought to be the
most useful prediction for withholding of scarce critical
care resources. This approach relies on an implicit as-
sumption of uniformly poor outcomes in the absence of
intervention.

However, medical futility—like benefit—is also tech-
nically very difficult to predict with sufficient confidence
in most clinical circumstances [9]. Schneiderman and
colleagues proposed a quantitative definition of futile in-
terventions as those that have proved useless in the last
100 cases [10], such that the physician can be confident
that no more than 3% of patients would survive. How-
ever, in almost all clinical contexts, models designed to
predict futility fall far short of these rigorous specifica-
tions [9]. This is a particular limitation in a medical cri-
sis such as the current Covid-19 pandemic in which data
is relatively sparse and still being collected.

Further, data used for model development may reflect
informal rationing at the bedside, whereby the perceived
poor prognosis in the old and the sick leads to less ag-
gressive care—a so-called self-fulfilling prophecy [11].
Accurate prediction of futility requires prediction of out-
come given maximal care, which may not be available in
the data for some risk strata.

Finally, clinical practice during the Covid-19 pandemic
is evolving. More frequent use of proning, minimizing
paralytics, use of lung-protective volumes for ventilation,
early physical therapy and other treatments (such as
remdesivir) may improve prognosis over time. This
learning curve can make prediction of medical futility
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from data even several months old, or in different set-
tings, suspect. When medical futility is not well pre-
dicted, poor prognosis despite intervention may no
longer be a reliable surrogate for the probability of
benefit.

Calibration is less important for rationing than for shared
decision-making or counseling

While the need for rigorous prediction modeling meth-
odology is increasingly recognized, when prognostic
models are used for microallocation there are unique
priorities for evaluation. In more familiar settings, these
models are used to inform shared decision-making, with
the goal of aligning therapeutic options with a patient’s
personal values and preferences. In that context, ‘good
calibration’ (i.e. agreement between the proportion of
patients predicted to have an outcome in any strata and
those that actually have that outcome) is critical for ef-
fective decision-making. Yet excellent calibration—nor-
mally the Achilles heel of prediction, since it requires
consistent effects of variables not included in the model
[12, 13]—is not a critical issue for microallocation.
When the goal is to prioritize patients for scarce re-
sources that would benefit a much larger group, (non-
parametric) ranking (i.e. good discrimination) is key.
This is because, under conditions of scarcity, the deci-
sion threshold is not determined by a patient’s (or clini-
cian’s) point of indifference (the risk at which the
utilities of alternative treatments or decisions are evenly
balanced), but by capacity. That ranking is typically suftfi-
cient for microallocation should be apparent to anyone
who has ever waited in a line for anything: it is unneces-
sary to know whether the person in front of you arrived
2 hours or 2 seconds before you.

Fairness concerns that are not an issue when using
prediction for shared decision-making emerge in the
context of rationing; transparency is critical
Finally, there are a set of ‘fairness’ issues that come to
the fore with rationing that are not germane in the usual
shared decision-making or counseling context. Fairness
concerns arise when predictions are used to adjudicate
between competing interests (for example, between two
patients requiring the same ventilator)—rather than to
align a decision with a patient’s own values and prefer-
ences [14]. In these circumstances, predictions can be
said to be ‘polar’—i.e. one pole of the probability predic-
tion is associated with a decision that is unambiguously
favorable, such that it is in the subject’s interest to get a
higher (or lower) score, rather than an accurate forecast.
While models can help provide an objective basis for
microallocation, they do not fully alleviate issues of
group fairness. For example, age and sex are important
determinants of actuarial functions, such as mortality
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risk and life expectancy, which may provide a basis for
microallocation. If each year of life is valued similarly for
all, clinical prediction will systematically prioritize treat-
ment for the young over the old and presumably, in
Covid-19 infection, for women over men. It is also not
hard to see how such actuarial functions might differen-
tially allocate resources across different racial or ethnic
groups—given influential social determinants of health
and other race-correlated factors—which might disad-
vantage historically marginalized groups. These fairness
concerns may be exacerbated by machine learning ap-
proaches that are (1) highly dimensional (potentially
making use of many variables that might function as
proxies for race, ethnicity or sex) and (2) not open to
scrutiny by clinicians, regulators or the general public.
The field of algorithmic fairness has generated interest-
ing scholarly work, but is not fully mature for applica-
tion in this crisis [14].

Conclusions

The above considerations suggest allocation methods
should be explicit, data-driven, frequently updated and
open to public scrutiny [15]. This latter quality argues
for the use of simple and interpretable prognostic
models—rather than increasingly popular ‘black box’
machine learning approaches, including many proposed
in the context of Covid-19 [5].

While development of accurate clinical prediction
models is important to ensure that the greatest benefit
can be derived from a limited supply of life-saving re-
sources, we should acknowledge that there will not be a
perfect technical solution to this problem or a single best
method of resource allocation [16, 17]. Nevertheless,
when withdrawing or withholding life-saving care from
patients who might potentially benefit, professional soci-
eties should aim for standardization and consensus in
their guidance. It goes without saying that we hope such
guidance need not be applied.

Acknowledgements
None

Authors’ contributions
DK wrote the first draft of the manuscript. All authors reviewed and edited
for critical content. The authors read and approved the final manuscript.

Funding
This work was partially supported by grants from the Patient-Centered Out-
comes Research Institute (ME-1606-35555).

Availability of data and materials
Not applicable

Ethics approval and consent to participate
Not applicable

Consent for publication
Not applicable

Page 3 of 3

Competing interests
The authors declare that they have no competing interests.

Author details

'Predictive Analytics and Comparative Effectiveness (PACE) Center, Tufts
Medical Center, Boston, MA, USA. *Biomedical Ethics Program, Mayo Clinic,
Rochester, MN, USA. *Feinstein Institutes for Medical Research, Northwell
Health, New York City, NY, USA.

Received: 13 April 2020 Accepted: 29 April 2020
Published online: 20 May 2020

References

1. Emanuel EJ, Persad G, Upshur R, Thome B, Parker M, Glickman A, et al. Fair
allocation of scarce medical resources in the time of Covid-19. N Engl J
Med. 2020; https://doi.org/10.1056/NEJMsb2005114.

2. Dale W, Moliski L, Hemmerich J. Biases in human prediction. In: Kattan MW,
editor. Encyclopedia of Medical Decision Making. Cleveland: SAGE
Publications, Inc,; 2009.

3. Christakis NA, Lamont EB. Extent and determinants of error in physicians’
prognoses in terminally ill patients. West J Med. 2000;172(5):310-3.

4. Specht MC, Kattan MW, Gonen M, Fey J, Van Zee KJ. Predicting nonsentinel
node status after positive sentinel lymph biopsy for breast cancer: clinicians
versus nomogram. Ann Surg Oncol. 2005;12(8):654-9.

5. Wynants L, Van Calster B, Bonten MMJ, Collins GS, Debray TPA, De Vos M,
et al. Prediction models for diagnosis and prognosis of Covid-19 infection:
systematic review and critical appraisal. BMJ. 2020,369:m1328.

6. Moons KG, Altman DG, Reitsma JB, loannidis JP, Macaskill P, Steyerberg EW,
et al. Transparent Reporting of a multivariable prediction model for
Individual Prognosis or Diagnosis (TRIPOD): explanation and elaboration.
Ann Intern Med. 2015;162(1):W1-73.

7. Steyerberg EW, Moons KG, van der Windt DA, Hayden JA, Perel P, Schroter
S, et al. Prognosis Research Strategy (PROGRESS) 3: prognostic model
research. PLoS Med. 2013;10(2):21001381.

8. Kent DM, Steyerberg EW, van Klaveren D. Personalized evidence based
medicine: predictive approaches to heterogeneous treatment effects. BMJ.
2018;363:k4245.

9. Gabbay E, Calvo-Broce J, Meyer BC, Trikalinos TA, Cohen J, Kent DM. The
empirical basis for determinations of medical futility. J Gen Intern Med.
2010;25(10):1083-9.

10. Schneiderman LJ, Jecker NS, Jonsen AR. Medical futility: its meaning and
ethical implications. Ann Intern Med. 1990;112(12):949-54.

11. Wilkinson D. The self-fulfilling prophecy in intensive care. Theor Med Bioeth.
2009;30(6):401-10.

12. Van Calster B, McLernon DJ, van Smeden M, Wynants L, Steyerberg EW.
Calibration: the Achilles heel of predictive analytics. BMC Med. 2019;17(1):
230.

13. Shah N, Steyerberg E, Kent D. Big data and predictive analytics: recalibrating
expectations. JAMA. 2018;320(1):27-8.

14.  Paulus JK, Kent DM. Predictably unequal: understanding and addressing
concerns that algorithmic clinical prediction may increase health disparities.
Nat Digital Med. 2020; [In Press].

15. Van Calster B, Wynants L, Timmerman D, Steyerberg EW, Collins GS.
Predictive analytics in health care: how can we know it works? J Am Med
Inform Assoc. 2019,26:1651-4.

16.  Kent DM, Shah ND. Risk models and patient-centered evidence: should
physicians expect one right answer? JAMA. 2012,307(15):1585-6.

17. Lemeshow S, Klar J, Teres D. Outcome prediction for individual intensive
care patients: useful, misused, or abused? Intensive Care Med. 1995;21(9):
770-6.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.


https://doi.org/10.1056/NEJMsb2005114

	Abstract
	Background
	Main body
	Conclusion

	Background
	Main text
	Prediction of potential benefit (or of medical futility) is technically challenging
	Calibration is less important for rationing than for shared decision-making or counseling
	Fairness concerns that are not an issue when using prediction for shared decision-making emerge in the context of rationing; transparency is critical

	Conclusions
	Acknowledgements
	Authors’ contributions
	Funding
	Availability of data and materials
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	Author details
	References
	Publisher’s Note

