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Background and Objectives

Atrial fibrillation (AF) is the most common cardiac arrhythmia with a
pooled relative risk of 1.46 for all-cause mortality. Despite higher
mortality risk, not all patients presenting with AF at the emergency
department (ED) require inpatient care. In Singapore, more ED
patients with AF are admitted to hospital compared to other
developed countries, suggesting room for improving risk assessment
and ED disposition. Existing risk stratification scores for AF patients
are not ideal for use in the fast-paced ED environment as they often
comprise numerous variables, some of which are not readily
obtainable or objectively derived.

Objective 1: Develop and evaluate pragmatic 30-day mortality
(primary outcome) risk scores using machine learning (ML) methods
to identify low-risk AF patients for safe discharge while maintaining
acceptable miss rates (e.g., <3%)

Objective 2: Perform survival analysis using to visualize the survival
probabilities of low- and high-risk patients over 30 days

Overview of Work

Formation of study cohort

443,187 Total ED admissions at a tertiary
hospital in Singapore from 1%¢
Jan 2008 to 31%t Oct 2017

Filtering for adult patients and episodes with AF
diagnosis by regular expression matching on
diagnosis descriptions and/or International
Classification of Diseases (ICD) diagnosis codes

438,779 Excluded
> 438,778 No AF diagnosis
1 Age <21 years old

A4

4,407 Admission episodes with AF
diagnosis from 8% Jan 2008 to 28%
Oct 2017

Random splitting with stratification for both the
target variable (30-day mortality) and admission year

v v L i
3,084 Training cohort (70%0) 441 Validation cohort (10%0) 882 Testcohort (20%)

Selection of candidate variables based on training cohort

Mamual selection of
variables based on

Classification of ED diagnosis categories
from a primary and 3 secondary diagnoses

potential clinical value v ¥
39 variables 49 ED diagnosis categories
¢ 4 demographic Classified based on the ranked frequencies
¢ 3 ED administrative of 7,485 non-unique ICD codes and
e 6 vital signs diagrnosis descriptions fiom 8 variables
* 5lab fests Selection of categories
e 17 comorbidities

based on univariate

(5-year medical history) logistic regression

e 4 prior healthcare utilization

9 ED diagnosis categories
Selected based on significant association
with higher odds of 30-day mortality

v

48 candidate variables
* 30 manually selected
* 9 ED diagnosis categories

Objective 1: Develop and evaluate risk scores Model building and selection

AutoScore models Open ML models

Generation of models using TPOT AutoML pipeline to
guide choice of ML. methods for development of non-
AutoScore ML models

Generation of models using the AutoScore framework and
different variables based on 4 potential scenarios:

(1) all variables available (full model),

(2) lab tests unavailable, (3) medical history unavailable,
and (4) both lab tests and medical history unavailable

Y
l 291 AutoML models

RF and gradient boosting were among the
top methods with the highest AUROCs

4 AutoScore models i
3 variables each

RF and XGBoost models
3 variables each (identical to
those of AutoScore full model)

Selection of models based on primary performance
metric (AUROC) and practicality of adoption

Evaluation of model
variable significance
through multivariate

logistic regression l

4 AutoScore models
Similar AUROC to open ML models buit
with added advantages of model
transparency and interpretability

Performance evaluation on test cohort

1. Comparison of AUROCSs with existing risk scores
2. Assessment of models under different scenarios

3. Evaluation of secondary performance metrices
4. Recommendation of score cut-offs for different use cases

AutoScore model without lab tests
Satisfies all our 6 desirable characteristics
for risk scores

Assessment of secondary outcomes ~ Objective 2: Perform survival analysis
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Model Building and Selection

AutoScore Models

AutoScore framework
 Designed to produce
parsimonious and

Module 1
Traiming cohort
Wariable ranking

:

Module 2
Wariable transformation

interpretable risk :
Module 4 Module 3 Module 5
scores Validation colort Training cohort Finetuning

Wanable selection through Score dertvation by cut-point values used for
parsimony plot weighting and normalizati on variable transformati on

« Random forest

F l F
Validation cohart
Intermediate evaluation

for variable
ranking and selection

« Logistic regression for weighting by Roclanalysis
and derivation of integer scores —

Test cohart
Final evaluation
by BEOC analysis

* To date, AutoScore has not been
applied on specific ED patient
subsets of interest

4 scenarios (1 model per scenario)
1. Lab test results and medical history are available (full model)
2. Only lab test results are unavailable (model without lab tests)
3. Only medical history is unavailable (model without medical history)
4. Both lab test results and medical history are unavailable
(model without lab tests and medical history)

Variable ranking and selection
* 5 variables selected for each of the 4 AutoScore models based on

incremental improvement to the area under the receiver operating

characteristic (ROC) curve (AUROC) of the validation set
Model Without Lab Tests

Parsimony plot on the validation set

Full Model

Parsimony plot on the validation set
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Model Without Lab Tests and Medical History

Parsimony plot on the validation set

Model Without Medical History

Parsimony plot on the validation set
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Scorin g table Variable Full model Without Without Without lab tests
] lab tests medical history  and med history
« Higher values [Age (years)
<65 0 0 0 0
correspond t0 4574 ¥ ¥ 6 7
I 75-84 13 12 12 13
hlgher 85-94 22 21 22 20
predicted >05 24 24 25 24
. . Pulse (/min)
mortality risk <60 2 2 3 2
60-89 0 0 0 0
« Values are 90109 5 3 3 n
110-129 11 12 12 13
Summed over >130 18 19 19 20
all 5 variables [systolic BP (mm Hg)
. <90 N/A 16 N/A 15
to obtain 90-119 N/A 5 N/A 7

H ’ H 120-149 N/A 2 N/A 2
patlent S rISk 150-179 N/A 0 N/A 0
score >180 N/A 12 N/A 11

] Oxygen supplementation
« All variables No 0 0 0 0
. . Yes 16 14 16 15
are ObJeCtlver Bicarbonate (mmol/L)

H H <16 13 N/A 12 N/A
derlved (Ie’ 16-17 2 N/A 3 N/A
not based on 18-19 4 N/A 6 N/A

. . >20 0 N/A 0 N/A
Su bJeCtlve Metastatic solid tumor (5-year medical history)

: Absent 0 0 N/A N/A

judgement or Present 29 28 N/A N/A
Malignant neoplasm (ED diagnosis)

manu al Absent N/A N/A 0 0

assessment) Present “N/A “N/A 28 26

Mean scores (95% CI)
» Scores of those who died were higher than those who survived

Outcome Eull model Without Without _ Without Iz_alb tests and
lab tests medical history medical history

Without 30-day 20.6 21.7 20.9 23.4

mortality (19.6-21.6) (20.8-22.6) (19.9-21.9) (22.5-24.4)

With 30-day 39.9 39.0 39.8 50.0

mortality (36.8-43.1) (36.0-42.0) (36.5-43.2) (37.8-44.1)

Duke

Medical School
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Open ML Models

TPOT AutoML )
» To guide the o7 -
choice of other 070 1
ML methods g 065 |
 TPOT pipeline =, |
produced 291 ' .
055 4 +
models ) : . ' '
050 4 L]
« Random forests ' ' '
and gradient ¢ ® ¢ & & EE &S e
. & P \357‘5‘ o ‘_;;?JQ & \a"h\ \:é" oF & @e@ \.g:‘”‘ &
boosting models & « & & o o ¢ S P
had the highest F & E S
AUROCS Models ¢

Model performance [AUROC (95% CI)]

« Random forest model: 0.834 (0.779-0.889)

« XGBoost model: 0.836 (0.781-0.891)

« Comparable performance to AutoScore models; hence, did not
evaluate open ML models further since they do not offer additional
advantages in terms of inherent transparency and interpretability

Performance Evaluation

Comparing AutoScore models and existing scores

« AutoScore models have similar ROCs with AUROCs of over 0.8

« AUROCs are not significantly different across AutoScore models,
supporting the case for selecting a single model for implementation
SERP-30d: AutoScore model trained with general ED population,
same ED dataset, same target

AFTER and TrOPs-BAC: same target, some variables not available
CART and CHA2DS2-VASc: different target, all variables available
Demonstrates value of developing risk scores that are tailored for

target outcomes and specific patient populations of interest
ROC Curves Based on Test Cohort

10
08 - [AUROC (95% CI)]
‘E = AutoScore full model [0.833 (0.789-0.877)]
= AutoScore wijo lab tests [0.823 (0.778-0.867)]
g 06 AutoScore wio medical history [0.817 {0.771-0.863]]
L AuteScore wjo lab tests & medical history [0.815 (0.771-0.859}]
% —— SERP-30d [0.787 (0.738-0.836)]
f — AFTER [0.761 {0.715-0.508)]
2 0.4 - CART [0.713 (0.660-0.767)]
é' = TOPs-BAC [0.628 (0.572-0.684)]
E CHA;DSz-WASC [0.537 (0.476-0.599)]
0.2
0.0

0.0 02 0.4 0.6 0.8 10
False Positive Rate {1-Specificity)
3 use cases for recommending score cut-offs
1. “Rule out” for low-risk patients (false negative rate / miss rate <3%)
2. Optimal tradeoff (upper-left corner of ROC curve)
3. “Rule in” for high-risk patients that are likely to be admitted to ICU
in situations with limited beds (specificity close to 95%)

“Low-risk” episodes
under rule out use case

Full model 32.8%
Without medical history 31.7%
35.3%

Applying rule out use case
« Around at third of “low-risk”
episodes could potentially
have been consideration for

safe discharge

AutoScore model

Without lab tests and medical history

Recommended model (model without lab tests)

* Models without lab tests are inclusive (i.e., can be used for most
patients) and can be applied earlier in the ED patient’s journey

« If medical history is not available, patients/caregivers can simply be
guestioned to obtain relevant information under most circumstances

« Taken together, the model without lab tests can be realistically
applied under various scenarios and is recommended

« Named the recommended model MPAFib (Mortality Predictor for
patients with Atrial Eibrillation), which also serves as a mnemonic for
the model’s variables (Metastatic tumour, Pulse, Age, FiO2, Systolic
blood pressure)

Recommended MPAFib score cut-offs for the 3 use cases and

corresponding confusion matrix metrices

« The 3 use cases cover a range of values, allowing the user to
determine which score cut-off to apply according to present need

Comparing confusion matrix metrices across risk score values
Percentage of ED admission episodes (%)

0.0 446 85.9 98.8 100.0 100.0
10 - 8 Xy 10
..4-""';’--
0.8 1 / - 0.8
0.6 - - 0.6
Usecase @: / ©:
04 - - ____ Predicted maortality risk L D4
(with 95% CI)
— Sensitivity
— Specificity
02 4 —— Positive predictive value | 0.2
Megative predictive value
+ Score cut-off
0.0 7 38 da -0
0 20 40 &0 80 100
Score value
Score | Predicted | % episodes s A Positive Negative
Use case cut-off risk above cut-off Sensitivity Specificity predictive value | predictive value
o 97.6% 38.9% 14.1% 99.4%
1 Ruleout | =17 | 23.5% 64.5% | (93.9-10006) | (35.5-42.1%) | (13.3-14.9%) | (98.4-100%)
2. Optimal 79.3% 70.5% 21.6% 97.1%
radeoff | 228 | =31% 34I% | (70.7-87.8%) | (67.3-73.8%) | (19.1-242%) | (95.8-98.3%)
. 26.8% 95.8% 39.6% 92.7%
3.Rulein | =48 | =31.2% 6.3% (17.1-36.6%) | (94.3-97.1%) | (27.9-51.9%) | (91.9-93.7%)
S d ¢ 1o ROC Curves Based on Test Cohort
econdary outcomes
* MPAFib performed well on all
mortality-related secondary 5]
outcomes 2
 Although the model was trained  § os
to predict 30-day mortality, i
it may reliably predict other £ 04
short-term mortality outcomes <
- Lower AUROCS of ICU F s
admission and 30-day hospital
readmission may be due to 00 , | , |
. : . 0.0 0.2 0.4 0.6 0.8 10
inherently different patient False Positive Rate (1-Specificity)
Characterlstlcs Slnce these —— 2-day mortality [0.835 {0.751-0.920)] [AUROC (95% CI)]
. 30-day mortality [0.823 (0.778-0.8B67)]
outcomes are not mortallty- —— Inpatient mortality [0.786 (0.730-0.841)]
= 30-day post-discharge mortality [0.784 (0.696-0.872]]
related —— ICU admission [0.640 (0.542-0 737)]

30-day hospital readmission [0.585 (0.534-0.636)]

Kaplan-Meier survival curves

* All 3 score cut-offs
separate survival curves
of “low-" and “high-risk”
cases over 30 days
(figure showing only rule
out use case)

* The two risk classes : i

Survival curves strafified by rule out score cut-off where miss rate is <3%

Strata Low risk == High risk

1.00

-----------------
..................
-----------------

Survival probability

p < 0.0001

. . Time in days
were significantly _ Numberatrisk
different in terms of B o] -1 i i 7
Time in days

survival for all use cases

Conclusions and Contributions

 Demonstrated that the AutoScore framework can be effectively
used to generate risk scores for specific patient populations

« Compared to existing risk scores, AUROCs of AutoScore models
were among the highest reported while maintaining parsimony

 MPAFib can potentially flag around 35% of cases for considerations
for safe discharge while maintaining a low miss rate of <3%

 MPAFIb is a practical ED tool as it is simple, explainable, inclusive,
uses only readily-obtainable variables that are objectively derived,
and can potentially reduce unnecessary admissions for AF patients
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