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A s clinical calculators are becoming ubiquitous in guiding 

medical decision-making,1-3 health care professionals 

are paying attention to inspect biases present in these 

calculators. The effect of biases on health disparities have long 

been understood.4 However, the urgency of such examination has 

recently been magnified by greater visibility of structural racism,5,6 

prompting medical professionals to inspect how their practices may 

contribute to health inequities.7,8 For example, there has been a call 

to action9 to investigate calculators that include race adjustments 

because they may create or perpetuate health care inequities in the 

affected subgroup, as race reflects a social construct rather than a 

biological reality.10-12

However, there remain 2 barriers that hinder the examination 

of the possible inequities in clinical calculator–based care. First, 

many popular clinical calculators,13-16 regardless of whether they 

contain adjustments for specific demographic subgroups, have 

not confirmed comparable performance across each subgroup. 

Even if a factor such as sex or race is not an input to a clinical 

calculator, the calculator’s output (ie, the score it provides) may 

still have different distributions across patient subgroups. Second, 

even when performance measures are reported across subgroups,17 

the assessment is often focused on the predictive performance 

of the calculator’s output (eg, C statistic), without examining the 

consequences in terms of the downstream health interventions 

or outcomes.18 Take, for example, the case of Model for End-Stage 

Liver Disease (MELD) calculator. The United Network for Organ 

Sharing (UNOS)19 assigns priority for liver transplants based on the 

MELD calculator output. If this calculator is not calibrated across 

different demographic groups, then allocation of liver transplants 

will be systematically different for certain subgroups.

We propose that a fairness assessment of a clinical calculator 

must include examining its performance by subgroups of concern, 

as well as observing its consequences in light of the corresponding 

care guideline.20 To illustrate such an assessment, we selected 

3 commonly used clinical calculators—MELD, which predicts 

end-stage liver disease (ESLD) mortality; CHA
2
DS

2
-VASc (congestive 

heart failure, hypertension, age ≥ 75 years, diabetes, stroke, vascular 
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ABSTRACT

OBJECTIVES: To evaluate whether one summary metric of 
calculator performance sufficiently conveys equity across 
different demographic subgroups, as well as to evaluate 
how calculator predictive performance affects downstream 
health outcomes.

STUDY DESIGN: We evaluate 3 commonly used clinical 
calculators—Model for End-Stage Liver Disease (MELD), 
CHA2DS2-VASc, and simplified Pulmonary Embolism Severity 
Index (sPESI)—on the cohort extracted from the Stanford 
Medicine Research Data Repository, following the cohort 
selection process as described in respective calculator 
derivation papers.

METHODS: We quantified the predictive performance of the 
3 clinical calculators across sex and race. Then, using the 
clinical guidelines that guide care based on these calculators’ 
output, we quantified potential disparities in subsequent 
health outcomes.

RESULTS: Across the examined subgroups, the MELD 
calculator exhibited worse performance for female and 
White populations, CHA2DS2-VASc calculator for the male 
population, and sPESI for the Black population. The extent 
to which such performance differences translated into 
differential health outcomes depended on the distribution of 
the calculators’ scores around the thresholds used to trigger 
a care action via the corresponding guidelines. In particular, 
under the old guideline for CHA2DS2-VASc, among those 
who would not have been offered anticoagulant therapy, the 
Hispanic subgroup exhibited the highest rate of stroke.

CONCLUSIONS: Clinical calculators, even when they do not 
include variables such as sex and race as inputs, can have 
very different care consequences across those subgroups. 
These differences in health care outcomes across subgroups 
can be explained by examining the distribution of scores 
and their calibration around the thresholds encoded in the 
accompanying care guidelines.
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disease, age 65-74 years, sex category), which predicts stroke risk in 

patients with atrial fibrillation; and simplified Pulmonary Embolism 

Severity Index (sPESI), which predicts mortality outcomes in patients 

with pulmonary embolism (PE). We then quantified the predictive 

performance of each across demographic subgroups defined along 

2 dimensions: sex and race. Two calculators do not take sex or race 

as input (MELD and sPESI), and 1 takes sex (CHA
2
DS

2
-VASc). We 

then identified clinical guidelines that rely on these calculators’ 

output and quantified the potential resulting disparities in health 

outcomes. In particular, we observed negative events that may result 

from making a decision based on the calculator’s output across sex 

and race. Specific negative events for selected calculators are death 

after being denied liver transplant based on MELD, stroke after not 

being recommended for anticoagulation based on CHA
2
DS

2
-VASc, 

and death following an early discharge guided by sPESI.

METHODS
Selected Calculators

A study team of physicians was formed to nominate popular clinical 

calculators that are routinely used. By consulting previous literature 

surveying taxonomy of calculators21-23 and a popular website that 

aggregates clinical tools used by practicing clinicians (MDCalc1), 

3 calculators—MELD, CHA
2
DS

2
-VASc, and sPESI—were selected. 

Detailed selection process can be found in the eAppendix (avail-

able at ajmc.com).

For each calculator, we then identified a clinical guideline in 

which the calculator is used to determine a care recommendation. 

These guidelines define risk groups based on score ranges and 

provide therapeutic recommendations for each group.

MELD

MELD13 predicts survivability of patients with ESLD over a 90-day 

period. Based on CDC statistics,24 this calculator is potentially 

applicable to more than 4.5 million patients with ESLD in the United 

States, approximately 2% of the adult population.

The calculator was later adopted by UNOS to prioritize liver 

transplant and further modified to include serum sodium level as 

an input. For patients with liver cirrhosis who 

are aged at least 12 years, the MELD score is 

calculated as shown in eAppendix Listing 1.

UNOS drives a complex liver distribution 

policy19 based on the MELD output. Most 

importantly, patients with a MELD score of 

less than 15 receive the least priority, so local 

hospitals typically avoid listing such a patient 

as a transplant candidate.

CHA2DS2-VASc

The CHADS
2
 (congestive heart failure, hyperten-

sion, age ≥ 75 years, diabetes, and stroke) score16 

estimates the risk of stroke in patients with 

atrial fibrillation, the most common arrhythmia with an estimated 

prevalence of at least 5% of adults.25 CHA
2
DS

2
-VASc17 improves on 

the CHADS
2
 by adding a new age group and incorporating vascular 

disease history and sex category. For patients with atrial fibrilla-

tion, CHA
2
DS

2
-VASc score is calculated as shown in eAppendix 

Listing 2. Both CHADS
2
 and CHA

2
DS

2
-VASc predict the likelihood 

of developing stroke over a 1000-day window.

CHA
2
DS

2
-VASc scores are often used to determine antithrombotic 

therapy for the patient. We identified 2 versions of a guideline that is 

being used. In the 2014 American College of Cardiology (ACC)/American 

Heart Association (AHA) atrial fibrillation treatment guideline,26 

antithrombotic therapy with oral anticoagulants is recommended 

only for individuals with a CHA
2
DS

2
-VASc score of 2 or greater.

In the most recent 2020 ACC/AHA guideline,27 this threshold is 

increased by 1 for female sex (CHA
2
DS

2
-VASc score of 3 or greater), 

while remaining the same for male sex. This change nullifies 

the effect of including sex as an input to the CHA
2
DS

2
-VASc score, 

acknowledging that biological sex does not increase the risk of 

stroke as previously thought.

Despite the publication of the 2020 guideline, the 2014 guideline 

continues to be used actively.28 Because of this, we quantified 

CHA
2
DS

2
-VASc negative event frequency using thresholds from 

both guidelines.

sPESI

sPESI14 is a simplified version of the PESI15 that predicts 30-day 

survivability of patients with PE (eAppendix Listing 3). Nearly 

400,000 Americans receive a diagnosis of PE yearly, and PE is the 

third most common cause of cardiovascular death after myocardial 

infarction and stroke.29

The sPESI score classifies patients into 2 categories: patients with 

a score of 0 as low risk, and those with a score of 1 or more as high 

risk. Patients deemed low risk are considered for early discharge14 

and management of their PE entirely in an outpatient setting.

Data Analysis

We used the Stanford Medicine Research Data Repository (STARR)30 

for our data analysis, which is composed of records from Stanford 

TAKEAWAY POINTS

Our analysis of 3 commonly used clinical calculators—Model for End-Stage Liver Disease, 
CHA2DS2-VASc, and simplified Pulmonary Embolism Severity Index—based on data from a 
local hospital chain shows the following:

 › A single-number summary of calculator performance (eg, C statistic) does not adequately 
convey performance variability across demographic subgroups. This is true even for those 
calculators that do not take demographic variables such as sex and race as input.

 › How such varying performance translates into actual health outcomes for each subgroup, 
however, depends on the clinical guideline in which the calculators are being used. Observ-
ing how calculator output distributes and calibrates around guideline thresholds is key to 
understanding calculator impact on downstream health outcomes.

 › We recommend that health care organizations conduct routine stratification analysis of 
commonly used clinical calculators on their patient populations.
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Health Care and the Lucile Packard Children’s Hospital. We also 

linked STARR with the Social Security Administration’s Death Master 

File31 to ascertain out-of-hospital deaths. The eAppendix details the 

data set characteristic and the linkage process.

STARR data is provided in the Observational Medical Outcomes 

Partnership Common Data Model (OMOP-CDM) format. Clinical 

calculators were implemented in Python to map lab measurements 

and diagnosis codes used in each calculator derivation paper13,14,17 to 

corresponding standard vocabulary terms in OMOP-CDM. Calculators 

then operate with OMOP-CDM measurement values to derive scores 

for each respective cohort.

Cohorts were established by applying the same selection criteria 

described in each of the calculator derivation papers.13,14,17 Because 

OMOP-CDM does not support selection of more than 1 race, our 

analysis is based on the first preferential race declared by the 

individual. Specifically, we used the 5 categories of race as defined 

by the US Census and cast Hispanic as a dedicated ethnicity. Those 

records that are missing sex or race information were dropped 

from the analysis. eAppendix Table 2 shows the cohort size for 

each calculator.

Scores are calculated using data available on the day of diagnosis. 

When a patient has multiple measurements, we compute the score 

using the first measurement because it is the most likely to drive 

downstream medical intervention. Analysis is performed using 

Pandas32 1.3.0, SciPy33 1.7.0, and lifelines34   0.26.3 running on Python 

3.9.6, configured through Conda 4.5.11.

Statistical Analysis

Similar to previous studies,13,14,17 we use C statistic as the metric to 

quantify a calculator’s predictive capability. We first compute the 

C statistic for the entire cohort, then generate the same statistic 

for each subgroup: sex and race. For each statistic we compute the 

95% CI, using 1000 bootstraps.

Once raw calculator performance is understood, we evaluate 

its impact in the clinical context by observing the negative event 

frequency. The population of interest is defined as individuals who, 

based on the calculator output, would have not been offered treat-

ment (MELD and CHA
2
DS

2
-VASc) or would have been considered for 

early discharge (sPESI). Negative events in this population represent 

a negative health outcome for which the calculator predicted the 

patient to be at low risk—all-cause mortality (MELD and sPESI) or 

stroke (CHA
2
DS

2
-VASc). We apply the same 95% bootstrap CI.

When the C statistic or negative event frequency of one subgroup 

is compared with the other, 1-tailed Welch’s t test is used to 

compute P values.

RESULTS
MELD

eAppendix Table 3 shows the characteristics of the cohort, which 

we verified to significantly overlap with the MELD calculator 

derivation paper.13

Table 119 then provides C statistics for MELD, which exhibited 

an overall C statistic of 0.81 (95% CI, 0.75-0.86), and is comparable 

with what was reported in the calculator derivation paper13 (0.78; 

95% CI, 0.74-0.81). However, C statistics for each sex show that 

MELD exhibits higher concordance for male patients (0.82; 95% 

CI, 0.72-0.90; P < .001) compared with female patients (0.77; 95% 

CI, 0.70-0.84).

In contrast, when examining by racial subgroups, the White 

population exhibits the worst C statistic (0.77; 95% CI, 0.66-0.87; 

P < .001). Sample size for the Black population is too small to 

be conclusive.

When the guidance provided by the UNOS policy (ie, MELD score 

< 15) is applied, the negative event frequency (Table 119) follows the 

same. Female patients exhibit a higher percentage of deaths (2.07%; 

95% CI, 0.78%-3.64%; P < .001) among those who would have been 

denied listing for liver transplant compared with male patients 

(1.21%; 95% CI, 0.45%-2.08%). Across racial subgroups, the White 

population shows the highest negative event frequency, at 2.42% 

(95% CI, 1.20%-3.86%; P < .001).

Observing how the MELD score for each population is distributed 

around the cutoff threshold explains the observed negative event 

frequency. The left panel of Figure 1 shows that a significant portion 

of both the male and female populations exhibit MELD scores less 

than 15. Therefore, the worse C statistic in female patients translates 

into a worse negative event frequency than in male patients.

Likewise, the majority of the White population has MELD scores 

less than 15 (Figure 1, right panel). As a result, misclassification 

stemming from poor calculator performance results in significantly 

more negative outcomes relative to other racial subgroups.

CHA2DS2-VASc

eAppendix Table 4 shows the characteristics of our cohort. Compared 

with the CHA
2
DS

2
-VASc derivation paper,17 our cohort is older (77 years 

vs 66 years) and has higher prevalence of comorbidities (eg, 77% vs 

24% with heart failure and 93% vs 17% with diabetes).

TABLE 1. MELD Statistics Summary19

C statistic (95% CI)
Negative event 

frequencya (95% CI)

Overall 0.81 (0.75-0.86) —

Sex

Male 0.82 (0.72-0.90) 1.21 (0.45-2.08)

Female 0.77 (0.70-0.84) 2.07 (0.78-3.64)

Race/ethnicity

Asian 0.79 (0.68-0.88) 1.09 (0.00-2.49)

Black 0.68 (0.48-0.83) 0.00 (0.00-0.00)

White 0.77 (0.66-0.87) 2.42 (1.20-3.86)

Hispanic 0.86 (0.76-0.94) 0.91 (0.00-1.84)

MELD, Model for End-Stage Liver Disease.
aNegative event frequency denotes the percentage of death incidents among 
those who would have not been offered liver transplant under United Network 
for Organ Sharing policy.19
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As shown in Table 2,26,27 the overall C statistic of the CHA
2
DS

2
-

VASc calculator on our cohort is marginally better (0.66; 95% CI, 

0.66-0.67) than what was reported for the original development 

cohort (0.606; 95% CI, 0.513-0.699).17

Nevertheless, the C statistic for the CHA
2
DS

2
-VASc calculator 

varies by sex- and race-based subgroups. Stratification by patient 

sex reveals that CHA
2
DS

2
-VASc exhibits a higher C statistic for 

female patients (0.69; 95% CI, 0.68-0.69) than male patients (0.65; 

95% CI, 0.64-0.65). The CIs do not overlap. Across racial subgroups, 

the CHA
2
DS

2
-VASc calculator exhibits the best C statistic for the 

Hispanic population (0.73; 95% CI, 0.70-0.76; P < .001).

Table 226,27 then compares the negative event frequency for stroke 

based on application of CHA
2
DS

2
-VASc calculator scores using 

2 clinical guidelines. Under the new guideline, better predictive 

performance translates into better health outcomes, where both 

female (1.91%; 95% CI, 1.68%-2.16%; P < .001) and Hispanic (1.78%; 

95% CI, 1.17%-2.47%; P < .001) populations exhibit the lowest negative 

event frequency. However, under the old guideline, the Hispanic 

population shows the highest negative event frequency (3.30%; 95% 

CI, 2.13%-4.65%; P < .001) despite showing the highest C statistic.

Such nonconcordance in event frequency stems from the poor 

calibration of the CHA
2
DS

2
-VASc score (Figure 2). The stroke risk 

for the Hispanic population in our cohort for the case of CHA
2
DS

2
-

VASc score of 1 turns out to be slightly higher than for other scores. 

Because a score of 1 is below the guideline’s threshold for treatment, 

this increased stroke risk in the Hispanic subgroup drives a higher 

negative event frequency.

Negative event frequency for the female population under the 

old guideline could not be calculated, because no female patients in 

our cohort with a CHA
2
DS

2
-VASc score of 1 or less experienced stroke.

sPESI

eAppendix Table 5 presents the cohort characteristics. Compared 

with the original cohort used to derive the sPESI calculator,14 our 

cohort has a higher percentage of male patients (57% vs 40%) and 

patients with cancer history (52% vs 20%).

In this cohort, sPESI shows an overall C statistic of 0.58 (95% CI, 

0.56-0.60) (Table 314), which is considerably less than what was 
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FIGURE 1. MELD Score Distribution Across Sex and Racea

MELD, Model for End-Stage Liver Disease.
aBoxplot midline (in light blue) represents median, and box ends denote 25th and 75th percentiles. Dotted line represents the cutoff threshold to be considered for 
liver transplant (MELD score = 15).

TABLE 2. CHA2DS2-VASc Statistics Summary26,27

C statistic 
(95% CI)

Negative event 
frequencya 

(new guideline) 
(95% CI)

Negative event 
frequencya 

(old guideline) 
(95% CI)

Overall 0.66 (0.66-0.67) — —

Sex

Male 0.65 (0.64-0.65) 2.25 (2.05-2.47) 2.24 (2.02-2.46)

Female 0.69 (0.68-0.69) 1.91 (1.68-2.16) —

Race/ethnicity

Asian 0.65 (0.63-0.66) 2.15 (1.73-2.65) 2.26 (1.70-2.90)

Black 0.69 (0.66-0.72) 2.21 (1.03-3.44) 2.19 (0.64-3.82)

White 0.66 (0.66-0.67) 2.14 (1.95-2.33) 2.21 (1.98-2.45)

Hispanic 0.73 (0.70-0.76) 1.78 (1.17-2.47) 3.30 (2.13-4.65)

ACC, American College of Cardiology; AHA, American Heart Association; 
CHA2DS2-VASc, congestive heart failure, hypertension, age ≥ 75 years, 
diabetes, stroke, vascular disease, age 65-74 years, sex category.
aNegative event frequency denotes the percentage of stroke incidents among 
those who would not have been offered antithrombotic therapy under a 
specific guideline. New guideline represents the 2020 ACC/AHA guideline,27 
and old guideline represents the 2014 ACC/AHA guideline.26 Female negative 
event frequency under the old guideline could not be computed because no 
female patients with a CHA2DS2-VASc score of 1 or less experienced stroke. 
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reported in the original study14 (0.75; 95% CI, 0.69-0.80) but is in 

line with a meta-study that assessed sPESI predictive performance35 

(0.57; 95% CI, 0.52-0.61).

Observing per-group predictive performance, the sPESI C statistic 

does not vary significantly across sex. Examining the C statistic 

across racial subgroups, however, shows that sPESI exhibits varying 

performance for different groups, with worst performance in the 

Black population, where the C statistic is close to random (0.50; 95% 

CI, 0.40-0.61; P < .001). The Asian population exhibits the highest 

C statistic (0.62; 95% CI, 0.54-0.69; P < .001), followed by the White 

(0.58; 95% CI, 0.55-0.61) and Hispanic (0.58; 95% CI, 0.50-0.66) 

populations, which show similar C statistics.

When put in clinical context, however, such similarity in 

performance between the White and Hispanic populations does not 

translate to similar negative event frequency (Table 314). Specifically, 

the White population shows the highest incident rate at 12.77% (95% 

CI, 7.52%-18.05%; P < .001), which means that, among the patients 

who identified as White, 12.77% of those who may have been 

considered for early discharge based on sPESI score (ie, sPESI =0) 

ultimately died within 30 days of receiving a diagnosis of PE. Sample 

size for the Asian and Black populations with a sPESI score of 0 is 

too small to be conclusive (eAppendix Table 626,27).

eAppendix Figure 2 shows the sPESI calculator exhibiting poor 

calibration, with the death percentage for the White population 

being significantly higher than that for the Hispanic population 

at a sPESI score of 0.

DISCUSSION
The results show that reporting a single summary C statistic for the 

entire cohort is inadequate. For the 3 calculators that we examined, 

none of the original derivation papers13,14,17 reported validation across 

sex and race subgroups, yet we demonstrate that each calculator’s 

output can be stratified by demographic variables.

Our results also show that calculator performance has unpredict-

able impact on outcomes when evaluated under the relevant clinical 

guidelines. Most striking would be the comparison of 2 guidelines 

on CHA
2
DS

2
-VASc, where the Hispanic subgroup exhibited the 

worst negative event frequency under the old guideline, despite 

the highest predictive performance of the calculator. Such disparity 

vanishes under the new guideline.

As guidelines often assign patients to a risk group based on 

thresholds, understanding the distribution of risk scores and the 

calibration around those thresholds is crucial to understanding 

the impact of calculator-guided decisions.20 Such dependence of 

calculator fairness on guidelines also warrants that fairness assess-

ments be redone whenever policies relying on a given calculator 

are introduced or revised.

Although we chose to focus only on undertreatment to test our 

hypothesis, such an analysis could similarly be conducted on 

overtreatment, and our conclusion is not contingent on testing 

both scenarios.

Finally, it is often assumed that removing demographic inputs 

such as sex and race from a calculator can ensure fairness, yet 

bias can still persist in a calculator even without these inputs. We 

have demonstrated this by uncovering demographic subgroup 

stratification in calculators both with (CHA
2
DS

2
-VASc) and without 

(MELD and sPESI) relevant demographic input. Explicitly adding sex 

or race as calculator input, however, could increase bias, as these 

categories often reflect a social construct.9-11 Therefore, fairness 

analysis must be conducted for all clinical calculators and not just 

those that include such variables as input.

TABLE 3. sPESI Statistics Summary14

C statistic (95% CI)
Negative event 

frequencya (95% CI)

Overall 0.58 (0.56-0.60) —

Sex

Male 0.57 (0.53-0.60) 11.30 (6.62-16.56)

Female 0.58 (0.55-0.61) 5.22 (0.00-12.28)

Race/ethnicity

Asian 0.62 (0.54-0.69) 0.00 (0.00-0.00)

Black 0.50 (0.40-0.61) 0.00 (0.00-0.00)

White 0.58 (0.55-0.61) 12.77 (7.52-18.05)

Hispanic 0.58 (0.50-0.66) 3.89 (0.00-10.20)

sPESI, simplified Pulmonary Embolism Severity Index.
aNegative event frequency denotes the percentage of death incidents among 
those who would have been considered for early discharge.14
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FIGURE 2. CHA2DS2-VASc Score Calibration Across Racea

CHA2DS2-VASc, congestive heart failure, hypertension, age ≥ 75 years, diabetes, 
stroke, vascular disease, age 65-74 years, sex category.
aStroke percentage represents percentage of samples who experienced stroke.
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In summary, our results stress that when a treatment guideline 

translates a calculator’s score into risk groups, distribution of 

those scores—in particular, how fairly the score is calibrated at 

the grouping thresholds—affects the achieved health outcomes for 

each subgroup. We recommend that other institutions routinely 

conduct similar validation and stratification analysis of calculators 

on their patient populations and audit their institutional policies 

based on such analysis.

Limitations

Although we focused on stratification across sex and race due 

to their widespread use as calculator inputs, they can easily be 

confounded by other socioeconomic and demographic variables. 

Future studies could further isolate the impact by analyzing 

confounding variables in tandem.

Our work does not propose ways to revise calculators to ameliorate 

identified bias, because how to do so is an active field of research, and 

a generalizable strategy to accomplish this is unclear.36 A promising 

line of effort was demonstrated with the development of new Chronic 

Kidney Disease Epidemiology Collaboration estimated glomerular 

filtration rate equations that do not take race as an input,37 where 

fairness could be achieved by incorporating parameters (eg, cystatin) 

that are specific to the biological pathway at hand.

We acknowledge that the STARR data set is confined to only 

2 hospitals in a small health care system in a single geographic 

region. It is recommended that other institutions conduct similar 

validation and stratification analysis on data representative of 

their patient populations. Also, use of only first preferential race 

may not accurately reflect multiracial patients. We leave the use 

of multirace information to future work.

Lastly, we did not attempt to quantify the frequency with which 

these calculators are used in practice. If they are not used in every 

relevant clinical situation, the population-level effect of the bias 

uncovered may be reduced.

CONCLUSIONS
Clinical calculators are used to guide medical decision-making in 

all specialties. Despite high interest in inspecting systematic biases 

in these calculators, there exist structural limitations in assessing 

fairness. Our results show that calculators—even those that do not 

include demographic variables such as sex and race as inputs—can 

have very different C statistic performance and different score 

distributions across sex and race. This demonstrates that reporting 

a single summary performance metric fails to adequately reveal 

biased performance over individual subgroups.

Given that clinical calculators are applied via clinical guidelines, 

and such guidelines often assign patients to risk groups and allocate 

treatments based on calculator score thresholds, it is essential to 

observe how the calculator’s output is distributed and calibrated 

around these decision thresholds in order to understand the health 

equity consequences of using a calculator in real-world practice. 

We encourage institutions to routinely conduct such validation 

and stratification analysis on commonly used clinical calculators 

for their patient populations and to audit their local application 

of clinical guidelines accordingly. n
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eAppendix 

CALCULATOR SELECTION PROCESS 

We formed a study team of 4 physicians in informatics training and 2 data analysts. Physicians 

were asked to nominate popular clinical calculators that are routinely used. Specialties of these 

physicians covered emergency medicine, primary care, hospital medicine, and pediatrics. In 

order to identify candidate calculators to analyze, physicians also consulted previous literature 

surveying taxonomy of calculators actively in use,21–23 and a popular website that aggregates 

clinical tools used by practicing clinicians (MDCalc1). 

 

Through this survey, 37 clinical calculators were identified (see eAppendix Table 1). Of these, 

the study team focused on those where calculator predictions could be easily verified against 

outcomes recorded in the EHR, leaving 17 (see eAppendix Figure 1). The study team then 

restricted to those calculators where the input variables could be objectively obtained from EHR, 

leaving 3 that did not require subjective assessments (eg, excluded findings such as ‘is the ankle 

swollen’). 

 

STARR DATASET 

The Stanford Medicine Research Data Repository (STARR)30 is a data warehouse composed of 

records from the inpatient and ambulatory centers that comprise Stanford Health Care and the 

Lucile Packard Children’s Hospital. STARR data includes information on in-hospital deaths. 

 

Data quality analysis on the repository30 shows ~2.7 million patients where over 60% of the 

patients have a diagnosis, over 40% have medication information, ~75% have lab information, 

and over 90% of patients have clinical notes. STARR data are available to researchers in both 

identified and de-identified form, the former of which was used for this study to enable linkage 

with national death data. 

 

SSDMF LINKAGE 

We linked the dataset with the Social Security Administration’s Death Master File (SSDMF)31 to 

enable ascertainment of out-of-hospital deaths. SSDMF provides for a direct linkage using an 

identifier such as SSN. SSDMF, however, lacks cause of death information. Since both MELD 

https://paperpile.com/c/84lLV5/lZla+pB3u+IMt0
https://paperpile.com/c/84lLV5/beXR


and sPESI predict all-cause mortality, this lack of cause of death may not be a problem. 

However, had a patient died due to a stroke, such an event may not have been counted as an 

incident of stroke, thus likely to amplify the false positive rate of the CHA2DS2-VASc calculator. 

 

Specifically, among the death records we identified, 13% were attributable to SSDMF alone, 

while 82% were attributable to in-hospital death data alone. Remaining 5% were identified in 

both SSDMF and in-hospital death data. Note that a significant amount of deaths from in-

hospital data were missing in the SSDMF. Given robust access to the death information from the 

in-hospital data, this is not necessarily a limitation, but the incompleteness of SSDMF is worth 

noting. This incompleteness could be due to the fact that SSDMF is only updated in conjunction 

with a claim or termination of benefits event for a patient, or perhaps due to the rigidity of the 

data linkage process (ie, exact SSN match). 

 

DROPPED PATIENT RECORDS 

Among the patient records that were selected for each calculator, less than 10% were dropped 

due to missing sex or race information (see eAppendix Table 2 for the counts of records that 

were dropped). The information was missing from the original EHR data source. This may limit 

the number of race categories for which we have significant results. 

  



eAppendix Listing 1. MELD Score Calculationa 
 

 
 
MELD, Model for End-Stage Liver Disease. 

aThis version represents the version adopted by UNOS.  



eAppendix Listing 2. CHA2DS2-VASc Score Calculation 

 

 
 
CHA2DS2-VASc, congestive heart failure, hypertension, age ≥ 75 years, diabetes, stroke, 

vascular disease, age 65-74 years, sex category.  



eAppendix Listing 3. sPESI Score Calculation 

 

 

 
sPESI, simplified Pulmonary Embolism Severity Index.  



eAppendix Table 1. List of Calculators Surveyeda 

Name Outcome 

available 

Objective 

Calcium Correction for Hypoalbuminemia      

Model for End-Stage Liver Disease (MELD) Score  Yes Yes 

HAS-BLED Score for Major Bleeding Risk      

SIRS, Sepsis, and Septic Shock Criteria      

Fractional Excretion of Sodium (FENa)  Yes   

CURB-65 Score for Pneumonia Severity      

TIMI Risk Index     

Revised Cardiac Risk Index for Pre-Operative Risk Yes   

qSOFA  Yes   

Absolute Neutrophil Count (ANC)      

Sodium Correction for Hyperglycemia      

Padua      

Grace      

PORT/PSI Yes   

CHA2DS2-VASc  Yes Yes 

sPESI  Yes Yes 

Maddrey's Discriminant Function  Yes   

LRINEC  Yes   

Opiate Risk Tool     

Clinical Opiate Withdrawal Scale (COWS)     

CIWA      

Fib-4  Yes   

NAFLD  Yes   

PHQ9      

GAD7      

https://www.mdcalc.com/calcium-correction-hypoalbuminemia
https://www.mdcalc.com/meld-score-model-end-stage-liver-disease-12-older
https://www.mdcalc.com/has-bled-score-major-bleeding-risk
https://www.mdcalc.com/sirs-sepsis-septic-shock-criteria
https://www.mdcalc.com/fractional-excretion-sodium-fena
https://www.mdcalc.com/curb-65-score-pneumonia-severity
https://www.mdcalc.com/timi-risk-index
https://www.mdcalc.com/revised-cardiac-risk-index-pre-operative-risk
https://www.mdcalc.com/qsofa-quick-sofa-score-sepsis
https://www.mdcalc.com/absolute-neutrophil-count-anc
https://www.mdcalc.com/sodium-correction-hyperglycemia
https://www.mdcalc.com/padua-prediction-score-risk-vte
https://www.mdcalc.com/grace-acs-risk-mortality-calculator
https://www.mdcalc.com/psi-port-score-pneumonia-severity-index-cap
https://www.mdcalc.com/cha2ds2-vasc-score-atrial-fibrillation-stroke-risk
https://www.mdcalc.com/simplified-pesi-pulmonary-embolism-severity-index
https://www.mdcalc.com/maddreys-discriminant-function-alcoholic-hepatitis
https://www.mdcalc.com/lrinec-score-necrotizing-soft-tissue-infection
https://www.mdcalc.com/opioid-risk-tool-ort-narcotic-abuse
https://www.mdcalc.com/cows-score-opiate-withdrawal
https://www.mdcalc.com/ciwa-ar-alcohol-withdrawal
https://www.mdcalc.com/fibrosis-4-fib-4-index-liver-fibrosis
https://www.mdcalc.com/nafld-non-alcoholic-fatty-liver-disease-fibrosis-score
https://www.mdcalc.com/phq-9-patient-health-questionnaire-9
https://www.mdcalc.com/gad-7-general-anxiety-disorder-7


FRAX      

Audit-C      

APACHE II  Yes   

SOFA  Yes   

P:F ratio (Horovitz Index)  Yes   

4T Score  Yes   

SMART-COP Yes   

King's College Criteria for Acetaminophen Toxicity     

Apgar Score      

Centor Calculator     

Kocher Criteria  Yes   

UTI Calculator     

 
aOutcome availability denotes whether the true outcome that a calculator tries to predict could be 

obtained from EHR. Objectiveness denotes whether the input variables could be objectively 

obtained from EHR.  

https://www.sheffield.ac.uk/FRAX/tool.aspx?country=9
https://www.mdcalc.com/audit-c-alcohol-use
https://www.mdcalc.com/apache-ii-score
https://www.mdcalc.com/sequential-organ-failure-assessment-sofa-score
https://www.mdcalc.com/horowitz-index-lung-function-p-f-ratio
https://www.mdcalc.com/4ts-score-heparin-induced-thrombocytopenia
https://www.mdcalc.com/smart-cop-score-pneumonia-severity
https://www.mdcalc.com/kings-college-criteria-acetaminophen-toxicity
https://www.hopkinsallchildrens.org/Patients-Families/Health-Library/HealthDocNew/What-Is-the-Apgar-Score
https://www.mdcalc.com/centor-score-modified-mcisaac-strep-pharyngitis
https://www.mdcalc.com/kocher-criteria-septic-arthritis
https://uticalc.pitt.edu/


eAppendix Table 2: Sample Count Breakdowna 

 

 MELD CHA2DS2-VASc sPESI 

Samples with diagnosis 288 872 505 658 56 837 

- Samples missing sex 

information 

5 12 0 

- Samples missing race 

information 

28 033 44 579 3 976 

Drop percentage 9.71 8.82 7.00 

Samples with demographic 

information 

260 834 461 067 52 861 

- Calculator not applicable 8 563 227 938 445 

- Missing measurement 250 859 0 49 745 

Final samples 1 412 233 129 2 671 

 

CHA2DS2-VASc, congestive heart failure, hypertension, age ≥ 75 years, diabetes, stroke, 

vascular disease, age 65-74 years, sex category; MELD, Model for End-Stage Liver Disease; 

sPESI, simplified Pulmonary Embolism Severity Index. 

aCalculator non-applicability represents samples that were dropped due to requirements set forth 

by the calculator: eg, age restrictions, non-applicability after treatment administered, etc. Missing 

measurement represents samples that were removed due to lack of measurement data necessary 

to compute calculator scores.  



eAppendix Table 3. MELD Sample Characteristicsa 

 

Age Median (25%-75%) 64 years (56-71) 

Sex Male 863 61% 

Female 549 39% 

Race/ethnicity Asian 385 27% 

Black 33 2% 

White 513 36% 

Hispanic 455 32% 

Other 26 2% 

Creatinine Median (25%-75%) 0.84 mg/dL (0.68-1.11) 

Bilirubin Median (25%-75%) 1.10 mg/dL (0.70-1.90) 

INR Median (25%-75%) 1.10 (1.10-1.30) 

Sodium Median (25%-75%) 139 mmol/L (136-141) 

 

MELD, Model for End-Stage Liver Disease. 

aRanges represent 25th to 75th percentiles.  



eAppendix Table 4. CHA2DS2-VASc Sample Characteristicsa 

 

Age Median (25%-75%) 77 years (71-83) 

Sex Male 129 621 56% 

Female 103 508 44% 

Race/ethnicity Asian 33 927 15% 

Black 7 323 3% 

White 176 278 76% 

Hispanic 13 578 6% 

Other 2 023 1% 

CHF history 178 973 77% 

Hypertension history 152 305 65% 

Diabetes mellitus history 216 422 93% 

Vascular disease history 192 772 83% 

 

CHA2DS2-VASc, congestive heart failure, hypertension, age ≥ 75 years, diabetes, stroke, 

vascular disease, age 65-74 years, sex category. 

aRanges represent 25th to 75th percentiles.  



eAppendix Table 5. sPESI Sample Characteristicsa 

 

Age Median (25%-75%) 61 years (51-73) 

Sex Male 1 518 57% 

Female 1 153 43% 

Race/ethnicity Asian 248 9% 

Black 168 6% 

White 1 773 66% 

Hispanic 443 17% 

Other 39 1% 

Cancer history 1 398 52% 

Chronic cardiopulmonary disease history 1 335 50% 

Heart rate Median (25%-75%) 93 bpm (79-108) 

Systolic BP Median (25%-75%) 120 mmHg (105-136) 

O2 saturation Median (25%-75%) 90% (65-97) 

 

sPESI, simplified Pulmonary Embolism Severity Index. 

aRanges represent 25th to 75th percentiles.  



eAppendix Table 6: Raw Values to Compute Negative Event Frequency26,27 

 

 MELD CHA2DS2-VASc  

(new guidelinea) 

CHA2DS2-VASc  

(old guidelinea) 

sPESI 

 Negative 

events 

Total Negative 

events 

Total Negative 

events 

Total Negative 

events 

Total 

Male 8 672 426 18 919 426 18 919 17 151 

Female 8 385 239 12 505 0 0 3 57 

Asian 3 281 85 3 930 51 2 239 0 18 

Black 0 15 13 582 7 314 0 7 

White 10 415 537 25 124 343 15 500 17 133 

Hispanic 3 326 28 1 539 25 752 2 49 

 

ACC, American College of Cardiology; AHA, American Heart Association; CHA2DS2-VASc, 

congestive heart failure, hypertension, age ≥ 75 years, diabetes, stroke, vascular disease, age 65-

74 years, sex category; MELD, Model for End-Stage Liver Disease; sPESI, simplified 

Pulmonary Embolism Severity Index.  

aNew guideline represents the 2020 ACC/AHA guideline,27 and old guideline represents the 

2014 ACC/AHA guideline.26  



eAppendix Figure 1. Calculator Selection Processa 

 

 
 
aOut of 37 calculators in total, 3 were selected.  



eAppendix Figure 2: sPESI Score Calibration Across Racea 

 

 

 

sPESI, simplified Pulmonary Embolism Severity Index. 

aDeath percentage represents percentage of samples that deceased. 
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