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Abstract

Objective: To develop an inflammation-based risk stratification tool for operative mortality in patients
with acute type A aortic dissection.

Methods: Between January 1, 2016 and December 31, 2021, 3124 patients from Beijing Anzhen Hospital
were included for derivation, 571 patients from the same hospital were included for internal validation,
and 1319 patients from other 12 hospitals were included for external validation. The primary outcome
was operative mortality according to the Society of Thoracic Surgeons criteria. Least absolute shrinkage
and selection operator regression were used to identify clinical risk factors. A model was developed using
different machine learning algorithms. The performance of the model was determined using the area under
the receiver operating characteristic curve (AUC) for discrimination, calibration curves, and Brier score for
calibration. The final model (5A score) was tested with respect to the existing clinical scores.

Results: Extreme gradient boosting was selected for model training (5A score) using 12 variables for
prediction—the ratio of platelet to leukocyte count, creatinine level, age, hemoglobin level, prior cardiac
surgery, extent of dissection extension, cerebral perfusion, aortic regurgitation, sex, pericardial effusion,
shock, and coronary perfusion—which yields the highest AUC (0.873 [95% confidence interval (CI)
0.845-0.901]). The AUC of 5A score was 0.875 (95% CI 0.814-0.936), 0.845 (95% CI 0.811-0.878),
and 0.852 (95% CI 0.821-0.883) in the internal, external, and total cohort, respectively, which out-
performed the best existing risk score (German Registry for Acute Type A Aortic Dissection score AUC
0.709 [95% CI 0.669-0.749]).

Conclusion: The 5A score is a novel, internally and externally validated inflammation-based tool for risk
stratification of patients before surgical repair, potentially advancing individualized treatment.

Trial Registration: clinicaltrials.gov Identifier: NCT04918108

http://creativecommons.org/licenses/by-nc-nd/4.0/

(ATAAD) is a major cardiovascular —mains a great challenge."” Clinically used — C¥dovascular Surgen.

Q cute type A aortic dissection  of patients with ATAAD at mortality risk re-  From the Department of
catastrophe; however, identification  risk algorithms, such as additive and logistic
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EuroSCORE,>" Parsonnet score,” Cleveland
score,’ Ontario Province Risk score,7 Sino-
SCORE,” and German Registry for Acute
Type A Aortic Dissection (GERAADA) score,’
are based on traditional risk factors for mortal-
ity and predict future events with limited
accuracy.

Despite adding individual laboratory bio-
markers, such as brain natriuretic peptide, tro-
ponins, and C-reactive protein, to clinical risk
scores, the overall improvement has been
limited because of the lack of generalizability
and impact analysis, omitting routinely
assessed and powerful predictors.'”'" This
may be explained by the fact that the vast ma-
jority of single markers are selected on the ba-
sis of specific pathophysiologic concepts,
which do not reflect the true complexity of
aortic dissections. In fact, mortality risk is
the result of an interplay between organ mal-
perfusion (coronary, renal, intestinal, and ce-
rebral) and concomitant systemic responses
propagated by a variety of pathophysiologic
axes, comprising but not limited to coagula-
tion, inflammation, and immune.'? The recog-
nition of this pathophysiology has prompted
efforts in the risk stratification of patients
with ATAAD based on inflammatory assess-
ments. Simultaneous additional assessment of
inflammatory and thrombotic biomarkers
may hold a promise to further refine risk
assessment. We propose a novel systemic
thrombo-inflammatory parameter, namely sys-
temic thrombo-inflammatory (STI) index,
calculated by the ratio of platelet count to
leukocyte count, to predict the operative mor-
tality, which might outperform the traditional
hematologic signatures based on our clinical
practice and current literature.'”'*

The recent improvements in computation
power and software technologies have led to
the flourishing of machine learning, which
seems to be a promising tool to meet this
compelling demand.'” Machine learning refers
to a collection of techniques that gives artificial
intelligence the ability to learn complex rules
and to identify patterns from multidimen-
sional datasets without being explicitly pro-
grammed or applying any a priori
assumptions. It has been effectively employed
in many areas of cardiovascular conditions,
such as precision phenotyping, diagnostics,
and prognostication, including the prediction

of hospital readmissions and mortality. "’

Patients with ATAAD undergoing surgical
repair represent another important target pop-
ulation for mortality prediction; however,
there are only a few studies in which machine
learning has been applied to tackle this
issue. '

In the present study, we hypothesized that
an additive inflammatory risk model can
outperform prediction using traditional clinical
risk factors only in the cardiovascular setting.
The aim of this study was to develop a risk pre-
diction model for the prediction of mortality in
patients undergoing surgery for type A aortic
dissection using advanced machine learning
techniques to support clinical decision making.
The findings were subsequently validated in
the independent, external cohort.

METHODS

We undertook a derivation and external valida-
tion study to develop an inflammation-based
mortality prediction model for patients with
ATAAD who underwent surgical repair. This
study adhered to the Transparent Reporting of
a Multivariable Prediction Model for Individual
Prognosis or Diagnosis reporting guideline for
diagnostic and prognostic studies. '’

Study Population

The Additive Anti-inflammatory Action for
Aortopathy & Arteriopathy (5A) study was a
prospective, ongoing, multicenter, investigator-
initiated registry in which eligible patients with
aortic dissection were consecutively enrolled at
13 cardiovascular centers across the People’s
Republic of China. We retrospectively included
consecutive patients with ATAAD diagnosed by
aortic computed tomography (CT) angiography
if they were aged 18 years or older with com-
plete blood count examined immediately at
admission in the emergency department of
participating hospitals from January 1, 2016
to December 31, 2021. Aortic dissection is clas-
sified according to the Stanford system: Type A
involves the ascending aorta, regardless of the
site of the primary intimal tear, and type B
involves only the descending aorta. Acute aortic
dissection is defined as less than or equal to 14
days from symptom onset to diagnosis. The
exclusion criteria included type B aortic dissec-
tion, recurrent aortic dissection, and an onset
time of more than 14 days (Figure 1). In
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FIGURE 1. Machine learning workflow of model construction and validation. AUC, the area under the receiver operating charac-
teristic curve; Cr, creatinine; Hgb, hemoglobin; NLR, neutrophil-lymphocyte ratio; PLR, platelet-lymphocyte ratio; SlI, systemic
inflammatory-immune; STI, systemic thrombo-inflammatory; WBC, white blood cell*The 12 Chinese university cardiovascular

External validation

addition, 357 patients who received anticoagu-
lants or antiplatelet therapy in the most recent
3 months were excluded to help dodge their
potential effects on the blood platelet count.

The study protocol conformed to the
ethical guidelines of the 1975 Declaration of
Helsinki and was approved by the Institutional
Review Board of Aortic Collaborative Institu-
tions involved (2021-SR-381). This study
was registered with clinicaltrials.gov (Identifier
NCT04918108). Informed consent was
waived for this retrospectively observational
study.

End Point Definition
The primary outcome was operative mortality,
defined as any death, regardless of cause,

occurring within 30 days after surgery in or
out of the hospital and after 30 days during
the same hospitalization subsequent to the
operation according to the Society of Thoracic
Surgeons  criteria.”’  Secondary outcomes
included the mechanical ventilation duration,
intensive care unit (ICU) length of stay, and
hospital length of stay.

Variable Selection

Baseline information of patients included age,
sex, past medical history (hypertension, coro-
nary heart disease, diabetes, stroke, and smok-
ing and drinking  Thistory), physical
examination, laboratory examination, imaging
examination, and surgical procedures during
the main period.
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Briefly, aortic regurgitation was assessed
using preoperative echocardiography and/or
intraoperative inspection, as appropriate, and
the most severe grade was determined as the
final report in this study. Pericardial tampo-
nade was mainly evaluated by clinical profiles,
along with preoperative CT angiography,
echocardiography, and/or intraoperative in-
spection, as appropriate, and the most severe
grade was determined as the final report in
this study. Pericardial effusion was determined
using preoperative CT angiography, echocar-
diography, and/or intraoperative inspection,
as appropriate, and the most severe grade
was determined as the final report in this
study. Shock was primarily determined on
the basis of clinical vitals and symptoms (e,
a systolic blood pressure of <80 mmHg or
needing large doses of vasopressors drugs to
maintain circulatory stability). Malperfusion,
including cerebral, coronary, and renal mal-
perfusion, was defined as end-organ ischemia
caused by branch vessel involvement and
resulting in functional impairment,”’ which
ultimately was judged by a comprehensive
assessment of clinical profiles; CT angiog-
raphy; echocardiography; laboratory testing,
including arterial blood gas analysis; and/or
intraoperative inspection, as appropriate.

Conventional clinical variables to be
considered for model development were cho-
sen via the least absolute shrinkage and selec-
tion operator (LASSO) logistic regression from
all the candidate variables a priori as those
which appear in any of the existing clinical
scores for mortality prediction, namely the ad-
ditive and logistic FuroSCORE,”" Parsonnet
score,” Cleveland score,® Ontario Province
Risk score,” SinoSCORE,” and GERAADA
score.” The LASSO can minimize the potential
collinearity of variables measured from the
same patient and over-fitting of variables.””
To identify the optimal tuning parameter
lambda in LASSO regression, we performed
5-fold cross-validation with 1 standard error
rule of the minimum criteria. Using the suit-
able lambda value, variables with nonzero co-
efficients in the model were selected.
Subsequently, we constructed the prediction
scoring model by assigning each patient a
risk score for mortality based on the product
of the expression levels for the variables
selected by the LASSO analysis and the

respective regression coefficients weighted by
logistic regression analysis in the derivation
cohort. We also fitted the dose-response rela-
tionship between the risk score and mortality
using generalized additive models.”’

For selection of optimal inflammatory
signature in  predicting mortality, we
compared the predictive performances of indi-
vidual and collaborative hematologic signa-
tures. Among laboratory inflammatory
variables (the count of white blood cell
[WBC], platelet, neutrophile, and lymphocyte;
platelet-lymphocyte ratio; systemic
inflammatory-immune  index; neutrophil-
lymphocyte ratio; and STI index calculated
by the ratio of platelet count to WBC count),
the best inflammatory classifier was identified
as the candidate whose mortality probability
estimates achieved the highest area under the
receiver operating characteristic curve (AUC)
analysis within the derivation cohort.

Algorithm Development
Based on the clinical variables selected by
LASSO regression, 7 machine learning classi-
fiers were used to develop the risk prediction
model of mortality, consisting of extreme
gradient boosting (XGBoost), adaptive boost-
ing (AdaBoost), naive Bayes (NB), linear
regression, random forest (RF), K-nearest
neighbor (KNN), and support vector machine
(SVM).”" The best classifier was identified as
the algorithm whose mortality probability esti-
mates achieved the highest AUC on receiver
operating characteristic curve analysis within
the derivation cohort during cross-validation.
Two machine learning models were devel-
oped via the XGBoost technique: the first was
based on clinical variables alone, and the sec-
ond uses clinical variables plus STI. The STI
index was included in the models as a contin-
uous variable. To better understand how the
gradient-boosted model worked, we also visu-
alized feature importance in terms of the total
decrease in node impurity due to branching
over a given predictor, averaged over all trees
and aggregated across all classifiers in the
ensemble.

Model Evaluations

To assess algorithm discrimination, we calcu-
lated the AUC as primary performance met-
rics.”” We calculated 95% CI of the AUC
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and compared the AUCs of the models
following the method of DeLong et al.”°
For comparison of the 2 models, we also
calculated the net reclassification improve-
ment index and integrated the discrimination
improvement index, which measures the
improvement in predictive performance
gained by adding the STI index to the base
risk model.”” Algorithm calibration was
assessed by plotting the predicted vs
observed rate of operative mortality, using
the goodness-of-fit test,”® and by calculating
the scaled Brier score, which was defined as
the mean squared difference between the
observed and the predicted outcomes.”’
The net benefit of the models was assessed
using decision curve analysis, in which the
existing clinical risk score models and the
final inflammation-based model were con-
verted to a logistic regression using probabil-
ity theory.””’! To assess other performance
metrics of operational importance, we calcu-
lated the positive predictive value, the nega-
tive predictive value, sensitivity, and
specificity, which were subjected by boot-
strapping 100 times. We used the fourth
quartile of the prediction score from the final
inflammation-based model as the threshold
to classify patients into high-risk and low-
risk groups.

Subsequently, the predictive performance
of the final risk model was compared with
that of these existing clinical scores with
respect to discrimination and calibration per-
formances and decision curves.

Model Validations

The new mortality model was internally vali-
dated using data on 571 patients from the
same hospitals as the derivation cohort
(2016-2021). An independently and externally
consolidated dataset of 1319 patients from 12
university hospitals was used to assess external
generalizability (Figure 1). To examine the in-
ternal and external validity of model perfor-
mances, we evaluated the discrimination and
calibration performances and decision curves.

Statistical Analyses

Continuous data were presented as the mean
(SD) or median (interquartile range) and
compared using a t-test or Kruskal-Wallis

TABLE. Baseline and Clinical Characteristics and Perioperative Outcomes of 3

Cohorts

Derivation Internal External
cohort cohort cohort
Variables (N=3124) (N=571) (N=1319)
Demographics
Age (y), median (IQR) 50 (41-59) 49 (39-57) 49 (40-58)
Sex (male), n (%) 2347 (75.1) 423 (74.1) 936 (71.0)

Body mass index (kg/m?), 254 (230-27.8) 250 (22.7-274) 252 (22.5-27.8)

median (IQR)
Medical history, n (%)
Hypertension 2602 (80.9) 458 (80.2) 1054 (79.9)
Chronic lung diseases 77 (2.5) 12 (2.1) 33 (25)
Diabetes mellitus 165 (5.3) 35 (6.1) 86 (6.5)
Arrhythmia 85 (2.7) 8 (1.4) 98 (7.4)
Stroke [41 (4.5) 28 (4.9) 67 (5.1)
Coronary heart disease 298 (9.6) 29 (5.1) 106 (8.0)
Previous cardiac surgery 417 (13.4) 87 (152) 210 (15.9)
Specific conditions on
admission
Extent of dissection
extension, n (%)
Limited in the ascending 1054 (33.7) 172 (30.1) 423 (32.1)
aorta
Extended to the aortic 406 (13.0) 88 (15.4) 180 (13.6)
arch
Extended to the 1664 (53.3) 311 (54.5) 716 (54.3)
descending aorta
Aortic regurgitation, n (%)
Mild 964 (32.8) 172 (34.9) 400 (33.6)
Moderate 399 (13.6) 82 (16.6) 170 (14.3)
Severe 614 (20.9) 101 (20.5) 227 (19.1)
Pericardial tamponade, 255 (87) 39 (7.8) 95 (7.9)
n (%)
Pericardial effusion, n (%)
Mild 278 (9.0) 75 (13.3) 149 (11.4)
Moderate 59 (1.9) 9 (1.6) 18 (1.4)
Severe 30 (1.0) 4 (0.7) I5 (1.1)
Shock, n (%) 26 (0.8) 4 (0.7) I3 (1.0)
Cerebral malperfusion, 321 (10.3) 58 (10.2) 131 (9.9)
n (%)
Coronary malperfusion, 533 (17.1) 158 (27.7) 270 (20.5)
n (%)
Renal malperfusion, n (%) 168 (5.4) 35 (6.1) 66 (5.0)
Laboratory signatures,
median (IQR)*
Hemoglobin level (g/L) 138 (126-149) 137 (125-148) 128 (115-141)
Creatinine level (umol/L) 75 (63-90) 75 (62-91) 85 (62-110)
WBC count (107/L) 14 (85-145) II.1 (79-153) 114 (88-14.3)
Platelet count (107/L) 61 (123-209) 147 (91-216) 166 (132-208)
Neutrophile count (I0°/L) 9.6 (6.6-12.4) 9.2 (6.1-12.9) 9.7 (69-12.2)

Lymphocyte count (10%/L)  1.01 (0.66-147) 100 (059-1.56) 101 (0.70-142)
Platelet-lymphocyte ratio 157 (108-2396) 148 (94-233) 163 (116-242)

Continued on next page
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TABLE. Continued

Derivation Intemal External
cohort cohort cohort
Variables (N=3124) (N=571) (N=1319)
Laboratory signatures, median (IQR)" continued
Neutrophile-lymphocyte 10.I (54-164) 9.6 (52-180) 102 (5.5-15.8)

ratio
SII index”
STl index‘

Procedural variables

Root procedures, n (%)
AVR only
Bentall
David

Total arch replacement plus 1506 (48.2)

1483 (623-3449) 1351 (519-3499) 1596 (680-3413)
233 (145-343) 242 (145-355) 24.1 (149-350)

FET implantation, n (%)

Hemi-arch replacement,
n (%)

Total arch replacement,
n (%)

Inclusion technique, n (%) 2201 (70.5)
Concomitant CABG, n (%) 225 (7.2)
Concomitant valve surgery,

n (%)
Cardiopulmonary bypass
time (min), median

(IQR)
Aortic cross-clamp time
(min), median (IQR)
Circulatory arrest of the
lower body, n (%)
Circulatory arrest time
(min), median (IQR)

Perioperative outcomes

Operative mortality, n (%)
Mechanical ventilation time

(h), median (IQR)

ICU stay (h), median (IQR)
Hospital stay (d), median

(IQR)

107 (34) 15 (26) 72 (54)
1148 (36.7) 222 (388) 264 (20.1)
47 (15) 9 (1.6) 10 (08)
318 (55.7) 1022 (77.5)
371 (119) 75 (13.1) 106 (8.0)
1530 (49.0) 326 (57.0) 1015 (77.0)
461 (80.6) 386 (29.3)
38 (6.6) 75 (57)
145 (4.6) 25 (44) 32 24)
171 (137-206) 177 (141-220) 189 (138-236)
99 (77-123) 100 (79-129) 110 (82-140)
2029 (65.1) 404 (71.0) 1126 (85.4)
23(18-30) 23 (18-30) 28 (19-34)
180 (5.8) 37 (65) 133 (10.1)
18(14-38) 20 (15-42) 36 (17-92)
29 (19-64) 36 (20-83) 42 (26-95)
16(11-22) 15 (11-21) 18 (13-26)

“Variables were collected during the first 24 hours after admission to test for risk factors associated

with the end point of mortality.
55|l index was calculated by platelet count multiplied by neutrophile count divided by lymphocyte

count.

STl index was calculated by platelet count divided by WBC count.

AVR, aortic valve regurgitation; CABG, coronary artery bypass grafting; FET = frozen elephant

trunk; ICU, intensive care unit; IQR, interquartile range; Sll, systemic inflalmmatory-immune; STI,

systemic thrombo-inflammatory; WBC, white blood cell.

502

test depending on the nature of variable, and
categorical data were reported as percentages
and compared using % testing or Fisher’s
exact testing. Because of covariates that were

potentially missing, not completely at random,
covariates were imputed for the multivariable
analysis by means of a single imputation
with 10 iterations with all the covariates using
the “MICE” package for R. All statistical ana-
lyses were performed using R, version 3.6.1
(R Foundation for Statistical Computing).
The R packages used were as follows: “glmnet”
for LASSO logistic regression, “xgboost” for
XGBoost, “adabag” for AdaBoost, “naivebayes”
for NB, “mlr” for linear regression, “class” for
KNN, “randomForest” for RF, and “e1071”
for SVM.

RESULTS

Patient Characteristics and Clinical Outcome
Among Cohorts

A total of 5014 patients with ATAAD were
finally included for model development and
validation: 3124 patients for training, 571 pa-
tients for internal validation, and 1319 pa-
tients for external validation (Figure 1). The
operative mortality was 7.0% for the total
cohort, 5.8% for the derivation cohort, 6.5%
for the internal cohort, and 10.1% for the
external cohort. Baseline demographic, clin-
ical, and procedural characteristics and clinical
outcomes among cohorts are summarized in
the Table. The secondary outcomes, including
mechanical ventilation duration, ICU length of
stay, and hospital length of stay, are summa-
rized in the Table.

Identifying the Conventional Clinical Risk
Factors

On the basis of LASSO regression, we identified
11 conventional clinical covariates (creatinine
level, age, hemoglobin level, prior cardiac sur-
gery, extent of dissection extension, cerebral
perfusion, aortic regurgitation, sex, pericardial
effusion, shock, and coronary perfusion) asso-
ciated with operative mortality in the derivation
cohort, with the optimal k penalty (Figure 2A
and B). A risk score was calculated for each
patient: —3.345 4+ (0.021 x age [year]) +
(—0.009 x male) + (0.463 x prior cardiac
surgery) + (—0.493 x limited in ascending
aorta + 0.399 x extended to descending
aorta) + (—0.063 X no aortic valve regurgita-
tion [AVR] + 0.071 x moderate AVR +
0.076 x severe AVR) + (1.289 x massive peri-
cardial effusion) + (1.214 x shock) +
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FIGURE 2. Characterization and performances of the LASSO model and the machine learning model. A, Coefficient profile plots of
the LASSO model. B, Penalty plot for the LASSO model. C, Dose-response relationship between risk score and mortality. D, Relative
importance of |2 variables predictive from machine leaming (ML) inflammatory mode (5A risk score) in the derivation cohort. E,
Prediction distributions of patients with acute type A aortic dissection according to the risk of mortality in ML inflammatory mode (SA
risk score). F, The standard rate and odds ratio of operative mortality among the fourth quartile of ML inflammatory mode (5A risk
score). AUC, the area under the receiver operating characteristic curve; LASSO, least absolute shrinkage and selection operator; OR,
odds ratio; STI, systemic thrombo-inflammatory.

(—0.004 x hemoglobin [g/L]) + (0.001 x  signatures (WBC count, 0.628 [0.584-
serum creatinine [pmol/L]) + (—0.440 x no  0.673]; platelet count, 0.619 [0.575-0.662];
coronary malperfusion) + (0.586 x cerebral  neutrophile count, 0.568 [0.521-0.614]; and
malperfusion). Dose dependency of mortality — lymphocyte count, 0.511 [0.468-0.554];
risk was identified for an increasing risk score  each vs STI index all P<.01) and collaborative
(odds ratio, 3.325; 95% CI, 2.612-4.233; signatures (platelet-lymphocyte ratio, 0.558
P<.0001) (Figure 2C). This LASSO-based risk ~ [0.512-0.604];  systemic  inflammatory-
score yielded the AUC (AUC, 0.715; 95% CI, immune index, 0.516 [0.472-0.560]; neutro-
0.675-0.751) and a Brier score of 0.058 with  phil-lymphocyte ratio, 0.503 [0.460-0.546];
good fit according to the Hosmer-Lemeshow  each vs STI index all P<.01), respectively

test (P=.532). (Supplemental Figure 1A, available online at

http://www.mayoclinicproceedings.org/).
Selecting the Optimal Inflammatory Signa- Considering the superior discrimination of
ture for Predicting Mortality STI index, we decided to select it as the final

Of hematologic candidates, the AUC of STI  inflammatory variable to develop a novel risk
index (0.664 [95% CI, 0.620-0.708]) was model in combination with conventional clin-
significantly greater than that of individual ical covariates.
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Building the Inflammation-based Risk
Model by Clinical and Inflammatory
Candidates

On the basis of 11 identified clinical candi-
dates, we develop an inflammation-based
risk model using 7 machine learning classi-
flers. Among the evaluated machine learning
classifiers based on 11 identified clinical candi-
dates, the highest accuracy regarding the AUC
analysis was achieved by the XGBoost classifier
(AUC, 0.827; 95%CI, 0.795-0.859), followed
by adaptive boosting, NB, logistic regression,
RF, KNN, and SVM, all of which outper-
formed our LASSO-based risk model (for all,
P<.05) (Supplemental Figure 1B and
Supplemental Tables 1 and 2, available online
at  http://www.mayoclinicproceedings.org/).
We, therefore, decided to use the XGBoost
classifier as the final machine learning algo-
rithm to create the risk model.

By adding STI index into this XGBoost-
base model, we developed an additive inflam-
matory risk model, called 5A score
(Figure 2D). In comparison, the 5A score
model was superior to the base model with
an incremental AUC of 0.046 from 0.827 to
0.873 and a decremental Brier score of 0.037
from 0.047 to 0.043 (Supplemental Table 3,
available online at http://www.mayoclinic
proceedings.org/),  which  was  further
confirmed by the net reclassification improve-
ment index (0.072, [95% CI, 0.013-0.132],
P=.018) and integrated discrimination
improvement index (0.107, [95% CI, 0.045-
0.168], P=.0007). The prediction distribution
plot of 5A score with patient sorted in the or-
der of risk showed positive clustering of pa-
tients who died (Figure 1E), asserting that
the model accurately stratified patients at risk
of mortality. With reference to the quartile 1
of 5A score, the quartiles 2, 3, and 4 conferred
significantly higher risk of mortality in the
derivation cohort (for trend, P<.001;
Figure 2F). This 5A score yielded superior
calibration performances with respect to
good fit according to the Hosmer-Lemeshow
test (P=.237) and calibration curves in com-
parison with LASSO-based model and base
model (Figure 3). The decision curves also
showed that the 5A score had better perfor-
mance than these 2 models in clinical applica-
tion (Figure 3). In terms of secondary

outcomes, the discrimination performances
of the 5A score were adequate for the predic-
tion of a mechanical ventilation duration of
greater than 48 hours (AUC, 0.837 [0.823-
0.850]), an ICU stay duration of more than
3 days (AUC, 0.856 [0.843-0.868]), and hos-
pital days of more than 30 days (AUC, 0.914
[0.903-0.923]).

Internal and External Validation of 5A Risk
Model

The discriminatory ability of the 5A score from
the derivation cohort was comparable with an
AUC of 0.875 (0.814-0.936), 0.845 (0.811-
0.878), and 0.852 (0.821-0.883) in the inter-
nal, external validation, and total cohort,
respectively (Supplemental Table 4, available
online at http://www.mayoclinicproceedings.
org/). The calibration plots and Brier scores
are showed in Figure 4. The Hosmer-
Lemeshow test was not significant for the in-
ternal cohort (P=.544), the external cohort
(P=.508), and the total cohort (P=.475),
which indicated a good fit. The decision
curves for mortality probability also showed
relatively good performance in terms of clin-
ical application (Figure 4).

Inflammatory Model Outperforms Existing
Risk Models

This 5A score model’s predicted probabilities
achieved higher accuracy for predicting mortality
than that of currently available clinical scores in
the total cohort: GERAADA score, Additive Euro-
SCORE, Logistic EuroSCORE, Parsonnet score,
the Provincial Adult Cardiac Care Network of
Ontario score, Cleveland score, and SinoSCORE
(each vs inflammatory model, all P<0.001)
(Supplemental Figure 2 and Supplemental
Table 5, available online at http:/www.
mayoclinicproceedings.org/). The calibration
performances and decision curves were assessed
(Supplemental Figure 2, available online at
http://www.mayoclinicproceedings.org/).

DISCUSSION

In the present study, we developed and tested
an inflammation-based risk stratification tool
(5A score) to predict operative mortality of pa-
tients with ATAAD who underwent surgical
repair by integrating the derived inflammatory
hematologic variable (STI index) and 11
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conventional clinical risk factors. Among the therefore, this algorithm was used to create
evaluated machine learning classifiers, the risk score. The 5A score denominated
XGBoost demonstrated the best performance;  good  discrimination — performance  for
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predicting operative mortality and mechanical
ventilation duration, ICU stay, and hospital
days. In the total cohort, the predictive value
of the 5A score was confirmed and superior
to that of other currently available clinical
risk scores. Collectively, these data showed
that a novel inflammatory risk score offers a
significant improvement in mortality risk
discrimination compared with a clinical risk
model based on traditional risk factor.

Current Difficulties in Risk Stratification of
Patients With ATAAD

Appropriate risk stratification is necessary for
emergency critical patients’ providers to iden-
tify optimized and individualized treatment
strategies for patients. The availability of scores
in clinical-specific subpopulations is crucial for
tailored risk stratification. Until now, risk strat-
ification of patients with ATAAD has barely
been reported and has not been comprehen-
sively validated.”'™'” The first attempt to
derive a specific model for mortality prediction
in patients with ATAAD was the Antonius
Dissection Scoring System, which is a statistical
model for mortality derived from a single-
center database.’” To the best of our knowl-
edge, this model has never been externally vali-
dated. An important prerequisite for the
development of a generalizable risk stratifica-
tion model is the availability of an external vali-
dation cohort. Although this validation cohort
should not differ too much in terms of region
and timing, it is highly advantageous to have
a database that is created, filled in, and located
independently from the derivation cohort, thus
limiting investigator bias. Our study provided
optimal conditions for the establishment of a
risk stratification model because of its large
size and the entirely independent data collec-
tion at the 13 participating sites.

The Strong Performance of the 5A Score in
External Validation

Among all tested scoring systems, the novel 5A
score provided the best risk stratification for
operative mortality in patients with ATAAD.
One possible explanation for the 5A score’s
strong performance in comparison with other
scores is that other scores, such as the logistic
EuroSCORE or the SinoSCORE, were not spe-
cifically developed for patients with ATAAD.
This suggests that patients with ATAAD exhibit

additional risk factors beyond those that can be
seen in patients undergoing general cardiac sur-
gery, in whom these scores have been success-
fully applied.”® The available scores
specifically designed to risk-stratify patients
with ATAAD, such as The International Regis-
try of Acute Aortic Dissection score and GER-
AADA score,”'®19323% were not able to reach
the 5A score’s performance either, which may
be caused by the fewer covariates used for the
development of these scoring models. Thus,
with the advantages of a larger population, the
external validation and the specificity to pa-
tients with ATAAD, the 5A score may serve as
a helpful risk stratification tool for daily clinical
use. Precise preoperative risk stratification facil-
itates better decision making for surgery teams.

Particularly Predictive Features in the 5A
Model

Machine learning facilitated hierarchical
testing of inflammatory (STI index), metabolic
(creatinine and  hemoglobin),  systemic
(shock), cardiac (AVR, aortic regurgitation,
and pericardial effusion), and specific (coro-
nary perfusion and cerebral perfusion) param-
eters obtained during characterization of the
dissection with respect to mortality, rather
than classical cardiovascular risk factors, such
as diabetes mellitus and hypertension. Thus,
the 5A score model encompasses 12 parame-
ters that can easily be evaluated in clinical
routine and aid patient counseling. Some of
the variables in our model resembled those
used in previous cardiovascular scoring sys-
tems such as the EuroSCORE score (hemoglo-
bin),”* GERAADA score (ureablood urea
nitrogen and blood pressure),9 and The Inter-
national Registry of Acute Aortic Dissection
score (prior cardiac surgery, shock, and
myocardial ischemia).”””* Specially, we intro-
duced inflammatory signature (STI index) as a
predictive factor and found that STI index was
the most important predictor of mortality in
the 5A score. Meanwhile, the STI index was
identified as a decent predictor of mortality,
whose addition into the base model signifi-
cantly improved performance. This supports
the suggestion that STI disorder, which is
easily evaluated at the bedside, should be
used clinically to predict operative mortality
and should be collected in aortic dissection
databases.”*
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The 5A risk model effectively identifies a
gradient risk of operative mortality, thus sup-
porting clinical decisions. A less aggressive
arch repair or other alternative strategies,
such as endovascular, hybrid, and staged oper-
ations, might be more appropriate for the
high-risk patients predicted via 5A score.””
However, more aggressive strategy may be rec-
ommended for patients with the predicted low
risk of operative mortality against the risk of
future aortic events associated with less inva-
sive aortic treatment.””

Study Limitations

Although this analysis provides major
strengths, such as a large sample size and an
external validation cohort, most limitations of
this study are caused by the retrospective na-
ture of the data source. The results of our study
should not be generalized to patients with
chronic stable type A aortic dissection or to pa-
tients who are selected to undergo surgery.
Although the 5A score had a satisfying perfor-
mance in the prediction of operative mortality,
it was rather complicated, and the calculations
were not conveniently available. Therefore, the
application of 5A score may be restricted.
Considering that the use of anticoagulants or
antiplatelet therapy might have an impact on
the platelet count, which might interfere with
the STI index, we excluded those patients
who received anticoagulants or antiplatelet
therapy in the most recent 3 months, which
might increase the potential bias of patient se-
lection, potentially limiting the generalizability
of these results to other institutions. Operative
death was the only outcome that was assessed
in this analysis, and, although important, it is
not sufficient for full evaluation of patients
with type A aortic dissection. Taken together,
the application of the 5A score in additional
complete, comprehensive, and prospective
datasets will be of future interest.

CONCLUSION

In this study, we introduced the novel risk
prediction system (5A score), which is an
inflammation-based model to estimate opera-
tive mortality among patients with ATAAD
undergoing open surgical repair. These results
suggest that the 5A score can represent an
important step toward individualized treat-
ment in the field of aortic dissections.
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