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Clinical Risk Prediction Scores in Coronavirus 
Disease 2019: Beware of Low Validity and 
Clinical Utility

Abstract:  Several risk stratification tools were developed to pre-
dict disease progression in coronavirus disease 2019, with no 
external validation to date. We attempted to validate three pre-
viously published risk-stratification tools in a multicenter study. 
Primary outcome was a composite outcome of development of 
severe coronavirus disease 2019 disease leading to ICU admission 
or death censored at hospital discharge or 30 days. We collected 
data from 169 patients. Patients were 73 years old (59–82 yr old), 
66 of 169 (39.1%) were female, 57 (33.7%) had one comorbidity, 
and 80 (47.3%) had two or more comorbidities. Area under the 
receiver operating characteristic curve (95% CI) for the COVID-
GRAM score was 0.636 (0.550–0.722), for the CALL score 0.500 
(0.411–0.589), and for the nomogram 0.628 (0.543–0.714).
Key Words: coronavirus disease 2019; calibration; risk stratification; 
validation

To the Editor:

We found that three risk tools (COVID-GRAM, CALL-
TOOL, and a nomogram) developed in small, homog-
enous patient populations showed poor discrimination 

in a multicenter study and are unlikely to be clinically useful in 
different settings. Re-evaluation of these tools is urgently needed 
using international datasets.

Since the outbreak of the severe acute respiratory syndrome 
coronavirus-2 (SARS-CoV-2) pandemic in January 2020, there has 
been a rush to develop clinical risk prediction scores, particularly 
at the first epicenter of the pandemic in China (1–3). Predicting 
risk of deterioration or severe coronavirus disease 2019 (COVID-
19)–related illness is of significant interest, both as part of guid-
ance for clinical treatment and resource allocation as well as to 
highlight the likely groups benefitting from novel disease modify-
ing therapies. The RECOVERY trial demonstrated that dexameth-
asone treatment offers mortality advantage in patients needing 
oxygen therapy or mechanical ventilation, whereas it might be 
harmful in patients who do not need supplemental oxygen (4). 
These results emphasize the need for a reliable risk prediction 

scores, which might help providers to decide about therapeutic 
approaches. Notwithstanding the urgency, we must not forget past 
lessons learnt during developing risk scores for diseases and con-
ditions encompassing a wide range of clinical risk. We have shown 
in sepsis that conflicting definitions with ill-calibrated tools lead 
to the overprovision of medical therapy, with potential for associ-
ated harm (5).

Although many of the risk prediction tools were developed in 
multicenter studies, their external clinical utility and face validity 
have not been established in independent cohorts (6). There are 
significant differences between the respective populations affected 
by SARS-CoV-2 in China compared with the United Kingdom, 
and we attempted to validate three previously published risk-strat-
ification tools in a multicenter study.

Anonymized patient data were collected as part of a service 
evaluation project by the Secondary Care Group Members of the 
Welsh Government COVID-19 response from patients admitted 
to the University Hospital of Wales, a tertiary academic center, 
and to the two district general hospitals in Aneurin Bevan UHB 
during the first 6 weeks of the pandemic in Wales, between March 
9, 2020, and April 19, 2020. Due to the anonymized nature of the 
data collection, formal written consent was waived by the institu-
tional review board.

Data were collected to enable to calculate the CALL score, the 
COVID-GRAM risk score, and a nomogram developed by Gong 
et al (1–3). Primary outcome was a composite outcome of devel-
opment of severe COVID-19 disease leading to ICU admission or 
death, in line with the definitions and outcomes used in the origi-
nal publications. The outcome was censored at hospital discharge 
or 30 days.

For statistical analysis, receiver operating characteristics (ROC) 
curves were used to establish predictive ability. We planned to 
use calibration plot to assess calibration of the prediction tools if 
area under the area under the ROC (AUROC) curve for any of 
the tools was found to be above 0.8 (good discrimination ability). 
Data are presented as n (%), median (interquartile range), or ROC 
(95% CI) as appropriate.

We collected data from 169 patients. Patients were 73 years old 
(59–82 yr old), 66 of 169 (39.1%) were female, 32 (18.9%) had no 
significant comorbidities, 57 (33.7%) had one comorbidity, and 80 
(47.3%) had two or more comorbidities. Most prevalent comorbid 
conditions were diabetes in 42 patients (24.9%), chronic obstruc-
tive pulmonary disease in 32 patients (19.0%), and ischemic heart 
disease in 26 patients (15.4%). Patients presented after 9 days 
(2–12 d) of symptom onset to the hospital. Eighty-one patients 
(47.9%) had reached the composite outcome of ICU admission or 
death, the hospital mortality was 33.7%. Neither of the three risk-
prediction tools were able to accurately predict outcome. AUROC 
(95% CI) for the COVID-GRAM score was 0.636 (0.550–0.722) 
p value equals to 0.003, for the CALL score 0.500 (0.411–0.589)  
p value equals to 0.997, and for the nomogram 0.628 (0.543–0.714) 
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p value equals to 0.005 (Fig. 1). As none of the tools exhibited 
good discrimination characteristics, we have not performed for-
mal assessment of calibration. The COVID-GRAM tool under-
performed in the medium risk category: 40% of our patients 
experienced the predicted composite outcome versus 7.3% in the 
original cohort. The CALL score underpredicted the outcome in 
the 7–9 points (medium risk) category (10–40% predicted vs 52% 
actual occurrence) and overpredicted in the 10–13 (high risk) cat-
egory (over 50% predicted vs 46% actual occurrence). The nomo-
gram overpredicted the outcome: out of the 108 patients where the 
nomogram predicted over 90% chance for the composite outcome 
to manifest, only 61 (56.5%) experienced it.

All three clinical risk prediction scores, the CALL score, 
COVID-GRAM risk score, and nomogram, had poor discrimina-
tive value for the composite outcome of ICU admission or death 
within our cohort. The COVID-GRAM risk score (derived from  
n = 2300 patients) performed better than the CALL score  
(n = 208) and narrowly better than the nomogram developed by 
Gong et al (3) (n = 372), as evidenced by the AUROC.

Our findings highlight the difficulties of predictive tool devel-
opment for a new disease with uncertain and potentially chang-
ing outcomes (7). The discriminatory performance of the three 
different models was well below the performance compared with 
their derivation or validation cohort, in line with recent findings 
of a large U.K. dataset (8). This questions if the proposed models 
could transfer over to a different setting and could offer reason-
able performance. The difference observed between the precision 
of these tools in the original publications and in our independent 
cohort in a different location could be explained by several factors. 
Some of this might be population based, as were significant differ-
ences between the patient characteristics of these three studies and 
ours. Importantly, the mean or median age was below 50 years in 

the development and validations cohorts of the original publica-
tions, whereas it was above 70 in our study in line with observed 
characteristics in the United Kingdom (9). Han Chinese patients 
in the original studies had low comorbidity burden with 70–75% 
of patients without any significant comorbidities, whereas four of 
five in our largely Caucasian cohort had one or more comorbidi-
ties, again in line with the data from the International Severe Acute 
Respiratory and Emerging Infection Consortium (ISARIC)  study 
(9). As age and comorbidities are established risk factors for disease 
progression and adverse outcome in COVID-19, it is unsurpris-
ing that the predictive scores developed in a young and relatively 
healthy population do not perform well in an older cohort with 
significant comorbidities (7, 8). It is also possible that there were 
differences in standard of care; however, our cohort was admitted 
to the hospital at the very beginning of the U.K. phase of the pan-
demic, when there were no established treatment options (10).

All three tools overestimated the morbidity and mortality, espe-
cially in those with a higher comorbidity burden. This issue highlights 
significant questions about the development of such tools that use 
small sample sizes. The original studies used regression analysis to 
derive the significant variables incorporated in their scores. Although 
the least absolute shrinkage and selection operator regression used by 
two groups is regarded as more appropriate than the Cox-regression 
used in the third study, with their low event rate, these models suffer 
a significant reduction in predictive capabilities when used in a rela-
tively small sample size. The small number of events in the three stud-
ies compared with the number of variables used makes overfitting a 
real possibility (7). This is illustrated by our finding that we observed 
underprediction in the low-risk and overprediction in the high-risk 
groups, both recognized features of an overfitting model (11).

Furthermore, predictive accuracy of all three tools was only 
assessed by ROC analysis without any other alternative method 

such as a discrimination slope (12).
Generally, when the discrimination 

of a clinical risk prediction tool is sat-
isfactory, it is necessary to investigate 
the quality of the calibration to ensure 
there is acceptable agreement between 
the observed occurrence of ICU admis-
sion and death and the risk predicted 
by the score. Liang et al 12) did not pro-
vide any data on the calibration of their 
COVID-GRAM model. The use of a 
calibration plot would have the added 
benefit of assessing the overfitting of 
the model, allowing for the fine-tuning 
of regression coefficients if indicated 
for better clinical utility (12). On the 
other hand, the nomogram developed 
by Gong et al (3) and the CALL score 
both had adequate discrimination with 
respect to their training and valida-
tion cohorts as well as calibration data, 
in the form of a calibration curve, for 
the probability of developing severe 
COVID-19 disease. Their calibration 

Figure 1. Receiver operating characteristic curves to describe predictive capabilities of the three risk 
stratification tools.
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curves showed well-fitted agreement between the nomogram and 
CALL score prediction and actual benefit according to their datasets. 
However, part of the reason for the poor discriminative value in both 
cases concerning our cohort is likely due to the small and homog-
enous training and validation cohorts used in its development.

Very recently, using the currently largest clinical dataset of 
almost 60,000 patients from the ISARIC 4C (Coronavirus Clinical 
Characteristics Consortium) group published the development 
and validation of the 4C score (8). Their model showed good dis-
crimination, excellent calibration, and resilient to imputation of 
missing values (8). They also noted that the more elaborate scores, 
such as we have investigated, could be applied to a smaller sub-
set of patients, as some physiologic variables or laboratory values 
are not routinely recorded. Although it was not an issue in our 
population, collection of diverse clinical information might not be 
feasible in the pandemic, even in a developed healthcare system, 
increasing the fragility of the prediction model.

There is a temptation to use more sophisticated tools for out-
come prediction, such as artificial intelligence–based methods or 
using electronic healthcare records when individual patient data 
are not available; however, there is a significant question about the 
clinical usefulness of such models (13, 14). It is unclear if the effort 
to improve discriminatory capability by adding new variables and 
more complicated methods or the use of just historical data to sort 
patients into broad high and low risk categories actually changes 
the answer to the clinical question and of benefit.

In the fast changing landscape of the pandemic, with emerging 
and rapidly adopted new treatment options and more sophisti-
cated phenotyping of the immune response, plus possible changes 
in the characteristics of the virus, it is unlikely that one prediction 
model will be able to answer all the questions (4, 15, 16). However, 
any new prediction models should be developed and reported in 
accordance with the guidance of best practice (7).

There are significant limitations to our study, most importantly 
the small sample size. To limit the number of patients recruited was 
a pragmatic decision, so we could rapidly assess the face validity 
of these tools. However, we have recruited all consecutive patients 
admitted to the three hospitals, reducing selection bias. Our patient 
cohort showed strong similarities to the U.K.-wide ISARIC dataset, 
and arguably, our patients who were recruited from a tertiary center, 
from a medium and small district general hospital, give appropriate 
cross-sectional view to evaluate the usefulness of these scoring tools 
(9). The relatively late presentation to hospital following the onset 
of symptoms could also be seen as a limitation, as it is possible, that 
by adhering to the national guidance of “Stay at home”, patients pre-
sented with significantly more advanced disease, than in the devel-
opment cohorts in China. Further analysis of this potential effect 
would be possible in the large international datasets.

In summary, our results show that the early tools developed in a rel-
atively small, homogenous patient population are unlikely to be clini-
cally useful in different settings. There is a continued need to develop 
reliable, easy-to-use risk stratifications tools, from commonly available 
clinical variables, according to the guiding principles for predictive 
model development. We must scrutinize new tools using international 
datasets to achieve better and more universal discrimination and cali-
bration of risk prediction tools for patients with COVID-19.
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