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ABSTRACT
Aim To create and validate a simple scoring system for 
predicting 30- day mortality in patients presenting with 
acute coronary syndromes (ACS) at their moment of 
admission.
Methods and results 2407 consecutive patients 
presenting to Harefield Hospital with measured arterial 
blood gases, from January 2011 to December 2020, 
were studied to build the training set. 30- day mortality in 
this group was 17.2%. A scoring algorithm that was built 
using binary logistic regression of variables available on 
admission was then converted to an additive risk score. 
The resultant scoring system is the BE- ALIVE score, which 
incorporates the following factors:
Base Excess (1 point for <−2 mmol/L), Age (<65 years: 
0 points, 65–74: 1 point, 75–84: 2 points, ≥85: 3 points), 
Lactate (<2 mmol/L: 0 points, 2–4.9: 1 point, 5–9.9: 3 
points, ≥10: 6 points), Intubated (2 points), Left Ventricular 
function (mildly impaired or better: −1 point, moderately 
impaired: 1 point, severely impaired: 3 points) and 
External/out of hospital cardiac arrest 2 points).
The scoring system was validated using a testing set of 
515 patients presenting to Harefield Hospital in 2021. 
The validation metrics were excellent with a c- statistic 
of 0.9, Brier’s score 0.06 vs a naïve classifier of 0.15, 
Spiegelhalter’s z- statistic probability of 0.267 and a 
calibration slope of 1.08.
Conclusion The BE- ALIVE score is a simple and accurate 
scoring system to predict 30- day mortality in patients 
presenting with ACS. Appreciating this mortality risk can 
allow prompt involvement of appropriate care such as the 
shock team.

INTRODUCTION
The decline in mortality in acute coronary 
syndromes (ACS) patients has stalled in recent 
years, largely because tackling cardiogenic 
shock in ACS remains difficult and frequently 
unsuccessful despite advances in timeous 
reperfusion and support devices. Short- term 
mortality in these patients remains almost 
50%.1 Part of the difficulty is quickly iden-
tifying which patients are shocked because 
initial information can be contradictory and 
difficult to assess in the acute setting. For 
example, a raised lactate can be accompanied 

by normotension, potentially delaying escala-
tion to dedicated shock teams.2

This is important because identifying 
patients at risk of poor outcomes and early 
activation of a dedicated shock team to 
deliver acute care results in better outcomes. 
For example, the introduction of protoco-
lised management of shocked patients in our 
heart attack centre was associated with an 
almost 50% reduction in the 30- day mortality 
of this cohort.3 However, this relies on the 
effective identification of patients who may 
benefit.

Several well- validated risk scores have 
been used to stratify ACS patients, including 
Thrombolysis in Myocardial Infarction 
(TIMI), HEART and Global Registry of Acute 
Coronary Events (GRACE), with c- statistics 
ranging from 0.73 (GRACE) to 0.86 (HEART) 
for predicting major adverse cardiac events at 
6 weeks.4 However, these scores also require 
information that is not available on admis-
sion, including cardiac biomarkers and renal 

WHAT IS ALREADY KNOWN ON THIS TOPIC
 ⇒ Fast and accurate identification of patients at high 
risk of death after acute coronary syndromes allows 
more efficient triage and allocation of downstream 
care. This improves patient outcomes. However, 
identifying those at risk can be difficult in the acute 
situation, especially if they are near to the middle of 
the probability spectrum.

WHAT THIS STUDY ADDS
 ⇒ This study creates a quick and easy scoring system 
(The BE- ALIVE score) that allows a clinician to ac-
curately assess the 30- day mortality risk in patients 
presenting with acute coronary syndromes.

HOW THIS STUDY MIGHT AFFECT RESEARCH, 
PRACTICE OR POLICY

 ⇒ The BE- ALIVE score will assist clinicians in assess-
ing the 30- day mortality risk of patients as they 
present to a heart attack centre. This expedites the 
allocation of the right care in the shortest possible 
time.

http://www.bcs.com
http://openheart.bmj.com/
http://dx.doi.org/10.1136/openhrt-2023-002313
http://dx.doi.org/10.1136/openhrt-2023-002313
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http://crossmark.crossref.org/dialog/?doi=10.1136/openhrt-2023-002313&domain=pdf&date_stamp=2023-08-08
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function, in addition to subjective risk factor inclusion in 
the history.5–7

The original Society for Cardiovascular Angiography and 
Interventions (SCAI) classification sought to stratify patients 
into different shock categories.1 This work was advanced 
by the Cardiogenic Shock Working Group (CSWG) who 
introduced the CSWG- SCAI classification. The SCAI- CSWG 
classification added further objectivity into the framework,8 
although it does include alanine transaminase (which has 
the same immediate availability issue as detailed above) and 
lacks echocardiographic data which is essential to identify 
cardiogenic shock and its aetiology.

This study, therefore, sets out to create a risk score that 
is accurate and can be used for immediate risk stratifica-
tion so that the most appropriate management, including 
shock team involvement, can be promptly initiated. We 
have purposefully limited variables to those that can be 
easily measured prior to angiography, including point- of- 
care blood gas analysis, echocardiographic findings, and 
clear, objective features in the history such as the pres-
ence and location of cardiac arrest.

The aim is that the scoring system can be used to 
improve patient outcomes by expediting appropriate 
multidisciplinary management.

METHODS
This was a retrospective, observational study to design a 
simple risk score to define a 30- day mortality for patients 
presenting with ACS.

The inclusion criteria for the study were as follows: (1) 
aged ≥18 years, (2) presented to Harefield Hospital with 
an ACS between 1 January 2011 and 1 January 2022 and 
(3) had a measured arterial blood gas within 4 hours of 
admission and prior to invasive coronary angiography. 
As the aim was to assess all patients with ACS on arrival, 
there were no exclusion criteria.

The original derivation cohort included 2407 patients who 
presented with ACS between 2011 and 2020 with full datasets. 
The test cohort comprised 515 patients with full blood gas 
data who presented in 2021, and their data were separated 
and not analysed until the scoring model had been built.

Table 1 Baseline characteristics and univariate analysis of patients in the training set

Variable All patients (n=2407) Survivors at 30 days (n=1993) Dead at 30 days (n=414)

History

  Age (years, SD) 65.6 (13.5) 64.6 (13.3) 70.3 (13.8) <0.001

  Male (n, %) 1752 (72.8) 1454 (73.0) 298 (72.0) 0.716

  STEMI (n, %) 2035 (85) 1664 (83.5) 371 (89.6) <0.001

  Previous PCI (n, %) 311 (12.9) 262 (13.1) 49 (11.8) 0.52

  Previous CABG (n, %) 133 (5.5) 108 (5.4) 5 (6.0) 0.636

  Hypercholesterolaemia (n, %) 853 (35.4) 716 (35.9) 33.1) 0.284

  Smoking history (n, %) 1124 (46.7) 979 (49.1) 145 (35.0) <0.001

  Diabetes (n, %) 540 (22.4) 433 (21.7) 107 (25.8) 0.07

  HTN (n, %) 1167 (48.5) 964 (48.4) 203 (49.0) 0.829

Cardiac Arrest (n, %)

  OOHCA (n, %) 365 (15.2) 206 (10.3) 159 (38.4) <0.001

  Ventilated (n, %) 316 (13.1) 149 (7.5) 167 (40.3) <0.001

  Systolic BP (mm Hg, SD) 127.7 (6.6) 132 (6.9) 96.8 (2.0) <0.001

LV function (n, %) <0.001

  No or mild impairment 1894 (78.7) 1652 (82.9) 242 (58.4)

  Moderate LV impairment 314 (13.0) 250 (12.5) 64 (15.5)

  LV severely impaired 199 (8.3) 91 (4.6) 108 (26.0)

Blood gas

  pH 7.41 (0.06) 7.42 (0.07) 7.42 (0.06) 0.346

  lactate (mmol/L) 2.9 (3.1) 2.2 (2.0) 6.0 (5.1) <0.001

  Base excess (mol/L) −2.4 (4.4) −1.7 (3.6) −6.4 (6.0) <0.001

Shock stage

  SCAI- CSWG stage <0.001

  A 1104 (45.9) 1048 (52.6) 56 (13.5)

  B 659 (27.4) 588 (29.5) 71 (17.1)

  C 129 (5.4) 88 (4.4) 41 (9.9)

  D 75 (3.1) 48 (2.4) 27 (6.5)

  E 440 (18.3) 221 (11.1) 219 (52.9)

BP, blood pressure; CABG, coronary artery bypass graft surgery; CPR, cardio- pulmonary resuscitation; HTN, hypertension; LV, left ventricular; 
OOHCA, out- of- hospital cardiac arrest; PCI, percutaneous intervention; SCAI- CSWG, Society of Cardiovascular Angiography and Interventions 
Cardiogenic Shock Working Group classification; STEMI, ST- segment elevation myocardial infarction.
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Clinical and outcome data
The clinical data were taken from routine audit fields 
mandated for every admission with ACS at our institution. 
Laboratory and blood gas analysis was imported from our 
own hospital’s database. Echocardiographic assessment 
of left ventricular function was categorised by the overall 
visual impression of the performing clinician. Mortality 
data were obtained from the UK National Health Service 
(NHS) spine in collaboration with the Office for National 
Statistics.

The primary endpoint for the scoring system develop-
ment was mortality at 30 days. Validation of the risk score 
is discussed below.

Statistical methods and creation of the risk score
Baseline demographics were compared using Student’s 
t- test and Mann- Whitney U for continuous variables, and 
χ2 and Fisher’s exact test for categorical variables.

All candidate predictive variables were initially assessed 
using binary logistic regression with a forward condi-
tional approach. This then identified which variables 
were significant in predicting mortality at 30 days.

The risk score was then created using a framework 
laid down in previous publications.9 10 In essence, each 
candidate variable was first divided into clinically mean-
ingful categories established by other publications, 
and then each category was weighted according to its 
regression coefficient (online supplemental table 1). 
The intercept (constant) from the regression equation 
was adjusted by adding back in the predicted mortality 
contribution of the lowest- risk category for each vari-
able. Using previously validated category boundaries is 
important because it prevents overfitting of the model 
to the training data.

The performance of the model was assessed for the 
training and test sets using markers that assess both 
discrimination and calibration. Discrimination was 
assessed using the c- statistic (or area under the receiver 
operator characteristic curve). The Brier score was used 
to assess both discrimination and calibration, and Spiegel-
halter’s Z score to assess calibration.

All statistical analyses were performed by using R and 
SPSS (V 29.0). Much of the analysis and the figures of 
predicted vs actual mortality were created using Frank 
Harrell’s ‘rms’ package in R (https://hbiostat.org/R/ 
rms/). All data are reported according to the Strength-
ening the Reporting of Observational studies in Epidemi-
ology guidelines.11

RESULTS
Baseline characteristics and overall mortality
The baseline characteristics of the training (derivation) 
and tested cohort are shown in table 1. The 30- day 
mortality rate in the training cohort was 414/2407 
(17.2%).

Creation of the risk score
Binary logistic regression was performed using a forward 
conditional method. All variables that were significantly 
associated with 30- day mortality on univariate analysis 
were included. In the final risk model there were six 
significant predictors (table 2). These were then used to 
create the BE- ALIVE score (figure 1).

The maximum score is 17. The risk of 30- day mortality 
can be derived for any given points score by the following 
equation:

 

p =
1

1 + exp
(
−
∑p

i=0 βiXi

)
  

 
∑p

i=0 βiXi   can be approximated by using our risk model 
where:

 

p∑
i=0

βiXi = 3.7 + 0.53 × Points Total
  

Table 2 Multivariate analysis showing predictors of 30- day 
mortality in the training set

OR (95% CI) Wald P value

Base excess 1.9 (1.5 to 2.6) 21.816 <0.001

Age 1.1 (1.0 to 1.1) 78.054 <0.001

Lactate 1.3 (1.2 to 1.4) 140.194 <0.001

Ventilated 3.5 (2.5 to 5.0) 47.064 <0.001

LV function 62.501 <0.001

Good/mildly 
impaired

0.7 (0.5 to 1.1) 2.692

Moderately 
Impaired

1.4 (0.9 to 2.1) 3.694

Severely impaired 4.2 (2.8 to 6.2) 51.952

OOHCA 2.4 (1.7 to 3.4) 22.778 <0.001

LV, left ventricular; OOHCA, out- of- hospital cardiac arrest.

Figure 1 The BE- ALIVE score.

https://dx.doi.org/10.1136/openhrt-2023-002313
https://hbiostat.org/R/rms/
https://hbiostat.org/R/rms/
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And hence the predicted mortality for any given points 
total becomes:

 
p =

1
1 + exp(−(−3.7 + 0.53 × Points Total))  

The predicted mortality for all patients plotted against 
their actual mortality, for the training set is shown in 
figure 2. A histogram of predicted versus actual mortality 
for the training set by points score is shown in figure 3. 
Low risk refers to all patients with a score of 3 or less, 
whose overall mortality is under 5%. High risk refers 
to patients with a score of 10 and above, where overall 
mortality was 86%. The patients with scores of 4–9 (inclu-
sive) have a 30- day mortality risk of 36%.

Validation with an internal training set
The risk score was validated on 515 ACS patients 
presenting to Harefield Hospital in 2021. The discrimi-
natory ability was excellent with an area under the curve 
(AUC) of 0.90, in addition to a Brier’s score of 0.06 against 

a naïve classifier of 0.145 (table 3 and figure 4). The cali-
bration slope was 1.08 and a Spiegelhalter’s Z statistic was 
−1.1 (p=0.267) indicating good calibration (figure 5).

A BE- ALIVE score of 3 or less had a negative predictive 
value for 30- day mortality of 97.4% in the test set. The 
sensitivity of predicting 30- day mortality using this single 
threshold value was 89.4% with a specificity of 78%. There 
were only 13 patients in the test set with a BE- ALIVE score 
of 10 or above—10/13 died and hence the postive predic-
tive value (PPV) was 77% for this small validation cohort.

Comparison with SCAI-CSWG categories
All patients in the training cohort were classified 
according to the SCAI- CSWG classification.8 The mean 
score for patients in category A was 1.3 (0.05) rising to 
mean score of 6.9 (0.15) for those in category E. There 
was a significant difference (<0.001) between all groups 
on pairwise comparisons (figure 6).

Using the SCAI- CSWG category to predict 30- day 
mortality resulted in an AUC of 0.791 (0.767–0.815) for 
the training set. Applying the SCAI- CSWG categories to 
the test set using the published in- hospital mortality prob-
abilities, the AUC was 0.739 with a Brier score of 0.09 and 
a Spiegelhalter’s Z statistic of −4.501 (p<0.001) indicating 
poor calibration for this data set.

DISCUSSION
The BE- ALIVE score is a simple, practical score for 
predicting 30- day mortality on admission, that is both 
highly discriminatory (AUC 0.9) and well calibrated 
(as measured by the Brier’s score and Spiegelhalter’s Z 
statistic). Using a threshold of three or below to desig-
nate patients as low risk has a 97.4% negative predictive 
value of death within 30 days.

Mortality after ACS is a probability spectrum and appreciating 
this will lead to better care
The patient presenting with ACS is not either ‘shocked’ 
or ‘not shocked’: there is no binary classifier for cardio-
genic shock. However, we are preconditioned from clin-
ical trial enrolment to look for defined markers, most 
commonly a systolic blood pressure of 90 mmHg. In 
reality, all patients presenting with ACS are at a high risk 
of mortality compared with both the population baseline 
and their own personal risk prior to the acute event.

If we view patients through this probabilistic lens, 
then shock is a point where the chance of dying immi-
nently rises rapidly—the gradient on the curve starts 
becoming exponentially steep. This idea ties in with the 
physiology of shock, where hypoperfusion leads to isch-
aemia, reduced contractility, raised filling pressures and 
pro- inflammatory cytokines which further accelerate the 
process12—and therefore, the patient moves further along 
the exponential mortality curve with an ever- accelerating 
risk of death. Thus, the aim of this score is not purely to 
define a threshold of treatment, but to define a mortality 
risk that can trigger treatment initiation sooner than may 
have been thought necessary.

Figure 2 Predicted versus actual mortality as calculated 
using the BE- ALIVE score.

Figure 3 predicted mortality by BE- ALIVE points (---) and 
actual mortality (histogram) by BE- ALIVE points for the 
training cohort.
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However, often binary decisions need to be made for the 
shocked patient, that rely on the patient being ‘shocked’ 
or ‘not shocked’, even if there are different gradations 
within the SCAI classification. Therefore, it is useful to 
have a better understanding of the patient’s trajectory 
post myocardial infarction (MI), and where they are on 
this hypothetical shock curve. This is the clinical utility 
of the BE- ALIVE score, which gives us an accurate visual 
representation of the trajectory of the patient from the 
moment that they arrive in the heart attack centre and 
therefore gives the clinician both more time and more 
information to divert the patient away from accelerating 
decline.

Components of the BE-ALIVE score
Following on from this, it is not surprising that (A) the 
risk of short- term mortality rises in this exponential 
fashion as points, representing markers of hypoperfusion 
and ischaemia, accumulate and (B) that the significant 
risk markers are base excess, lactate, age, intubation, 
presence of out of hospital cardiac arrest (OOHCA) and 
left ventricular (LV) dysfunction. The time to reperfu-
sion is an important prognostic factor in ACS patients,13 
and at the most basic level, an out- of- hospital arrest is 
likely to have delayed reperfusion in addition to variable 

quality cardiopulmonary resuscitation (CPR) and associ-
ated hypoxia. Ventilation on arrival to a receiving heart 
attack centre is similarly a marker of hypoxia and/or a 
relatively prolonged arrest. Both OOHCA and ventila-
tion are thus unsurprisingly associated with increased 
mortality rates.2 14

Lactate is the biochemical marker of prolonged tissue 
hypoperfusion, exacerbated by hepatic dysfunction: 
another example of the exponential rise in risk as the 
shock cascade progresses. Lactate as a strong predictor 
of mortality is not a new finding in either the non- ACS15 
or ACS populations.16 However, it is absent from many 
scoring systems in ACS including the aforementioned 
GRACE, TIMI and HEART.5–7

Similarly, base excess as a marker of mortality is, we 
believe, a powerful and under- represented marker of 
mortality in ACS patients. Metabolic acidosis is multifac-
torial, and pH is successfully buffered longer than base 
excess: hence its drop is a late marker and associated with 
very poor outcomes. For this reason, pH<7.2 is used in 
the CSWG- SCAI classification to define patients in cate-
gory E. In contrast, base excess not only changes early but 
is also a marker of renal dysfunction, which both occurs 
early in cardiogenic shock17 and is a powerful predictor 
of mortality.9 Although creatinine added more accuracy 
to the training set in early iterations of the BE- ALIVE 
score, it is not universally available at the index time of 

Table 3 Assessment metrics for the BE- ALIVE score

Score Brier AUC Calibration slope Calibration intercept Spiegelhalter’s Z statistic (p- value)

Naive 0.15 0.5 0.0

BE- ALIVE training set 0.09 0.87 1.00 0 0.626 (0.581)

BE- ALIVE testing set 0.06 0.90 1.08 −0.1 −1.11 (0.267)

Figure 4 Receiver operator characteristic curve for the BE- 
ALIVE score applied to the testing set. AUC, area under the 
curve.

Figure 5 Predicted versus actual mortality if the BE- ALIVE 
score as applied to the testing set. ROC, receiver operator 
characteristic.



Open Heart

6 Tindale A, Panoulas V. Open Heart 2023;10:e002313. doi:10.1136/openhrt-2023-002313

a patient’s admission, and therefore, BE is an able substi-
tute for the purposes of this scoring system.

Finally, the risk scores discussed above do not include 
left ventricular function as part of the scoring systems, 
perhaps due to the lack of that data in derivation cohorts 
based outside of dedicated cardiac centres. As a point of 
admission predictor, it is powerful, and has been shown to 
be predictive of mortality in several registry studies.2 16 18

Assessing the BE-ALIVE score: moving away from binary 
methods
In terms of assessing the accuracy of the proposed risk 
score, we have purposefully not included terms such as 
‘accuracy’ or an overall sensitivity/specificity for 30- day 
mortality, aside from the negative predictive value at very 
low risk scores. Giving predictions of overall accuracy are 
easy to understand but unsophisticated because they arbi-
trarily dichotomise patients into binary categories on an 
individual basis, whereas we are seeking to visualise the 
post- ACS hazard as a probability continuum.

For example, if a patient has a BE- ALIVE score of 7, the 
predicted 30- day mortality risk is around 50%, whereas it is 
99% for a score of 17. A ‘misclassification’ (ie, predicting 
death but the patient surviving) of patients scoring 7 
should happen almost half the time in a perfectly func-
tional model, whereas a misclassification of a patient with 
a score of 17 should happen in fewer than 1% of such 
patients. A more confident ‘wrong’ prediction should be 
penalised more than a misclassification in the middle of 
the range, and therefore, we have used Brier’s score and 
Spiegelhalter’s Z statistic to show how well calibrated the 

risk predicted by the model is compared with the actual 
risk in the tested population.

The other part of testing a model is the discrimination 
between groups, and this is what the c- statistic measures. 
Essentially, this is a measure of how well the model 
ranks patient according to risk.19 Using our model as 
an example, if one randomly chose to look at the data 
for a patient who died within 30 days and another who 
survived 30 days, there is a 90% chance that our model 
would give the non- survivor a higher BE- ALIVE score.20 
Both the metrics we have chosen for measuring calibra-
tion and discrimination are robust measures that seek to 
minimise the effect of the underlying population distri-
bution on assessing the accuracy of the results—which is 
key when the dataset is unbalanced.

The metrics chosen show that the BE- ALIVE score 
compares favourably to the SCAI- CSWG categories in 
terms of discrimination and calibration with better AUC 
(0.9 vs 0.74), Brier score and Spiegelhalter’s Z- statistic. 
The BE- ALIVE score is not a replacement for the SCAI 
or SCAI- CSWG categories but should be used alongside 
them to facilitate both the recognition of shock and to 
give a common framework to enhance communication 
between clinicians.

Limitations
The main limitation of this study is its retrospective, 
observational and single- centre nature. More specif-
ically, it relies on blood gas measurements being taken 
and recorded, which immediately selects a higher- risk 
population. This explains why the 30- day mortality in this 
ACS cohort was 17%. The implication of this is that any 
particular points score may be overly pessimistic when 
applied to a lower- risk population.

Every ACS patient at our institution now has a blood gas 
when the arterial sheath is inserted and therefore future 
local validation will enhance this score’s credibility. This 
is also why we attempted to move beyond the assessment 
of the system using simple binary classification metrics, 
which would limit the applicability to patients with a 
different prevalence of 30- day mortality. However, the 
most important future work will be to validate and iterate 
the model using data from institutions with different risk 
profiles to confirm and improve the clinical validity of 
this model for a wider population.

CONCLUSION
The BE- ALIVE score is an accurate and simple scoring 
system for predicting mortality at 30 days. The aim is 
to assist clinicians in immediate risk assessment of ACS 
patients with the downstream effect of initiating the most 
appropriate care in the shortest time.
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