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High sensitivity cardiac troponin/European society of cardiology 0/1h algorithm Accepted:
has shown to be a better method of immediate detection of myocardial infarction, March 03, 2026

however it has its drawbacks particularly in a sub group of patients which is
confounded with other variables such as age, sex and kidney functions. It was a
retrospective cohort design study which involved 1,203 patients who presented
with the suspicion of acute coronary syndrome and hs-cTnl serially at presentation
and one hour. When creating a machine learning model, the gradient boosting
model was used that incorporated the age, sex, serial troponin concentrations,
dynamic changes and renal functioning. The comparison of the models was done
with the traditional ESC 0/1h algorithm with the assistance of discrimination,
calibration, reclassification and analysis of decision curve to compare the models.
The machine learning model proved to be more discriminative than the traditional
ESC algorithm and the area of the curve of machine learning model is 0.941 as
compared to the conventional ESC algorithm 0.892. Positive predictive value
improved from 70.2% to 79.4%, specificity from 84.3% to 89.6%, and sensitivity
from 92.1% to 94.8%. The most significant changes were observed in patients with
renal impairment where changes in positive predictive value were better by 10.1
percentage points and patients aged 65 years and above where the changes in
positive predictive value were better by 9.6 percentage points. The net
reclassification between patients with renal impairments had an improvement of
21.1% and 26.7%. The model was also found to have good calibration in all the
sub-groups where the Hosmer-Lemeshow tests were not significant and decision
curve analysis found that the model had a better clinical net benefit at all the
clinically relevant risk thresholds. Serial Hs-cTnl + patient specific variables Al
based model proves to be more diagnostic of NSTEMI than the more traditional
ESC 0/1h algorithm particularly in at risk patients. The approach deals with a more
personal approach to diagnostics that addresses the key shortcomings of the
existing guidelines and can be justified to be further promoted in the medical
practice.
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INTRODUCTION

One of the most common morbidity and
mortality causes in the greatest majority of
states in the world, Acute Myocardial Infarction
has to be diagnosed and treated in a timely
manner to fulfill the needs of the patients
(Dupuy et al., 2021). The high-sensitivity
cardiac troponin (hs-cTn) assays have greatly
enhanced the prompt diagnosis of acute
myocardial infarction by decreasing the
diagnostic time of 612 hours to less than 3 hours
in most cases (Clerico et al., 2025). This
development enables therapeutic interventions
to be faster thus alleviating the myocardial
damage and enhancing prognostic factors. The
high-sensitivity troponin assays are premised
on the algorithms of 0/1h algorithm proposed
by the European Society of Cardiology and
allows to quickly rule-out and rule-in
myocardial infarction, even an hour post
disease occurrence (Goff et al., 2023).
Nevertheless, such algorithms (as well as the
0/1h European Society of Cardiology protocol,
in particular, though this is proved to be
helpful,) also have limitations, such as the fact
that they can measure them in a sequence, and
the key variable of the patient (renal functions,
sex, and age) may be, perhaps, excluded
(Capretz et al., 2023). Additionally, even
though such rapid rule-out protocol might be
effective in ruling out the patients that did not
experience a myocardial infarction, rule-in can
even be more cumbersome and inaccurate when
used to rule in the rest of the patients (Doudesis
et al., 2023). Resting on these difficulties, one

can draw a conclusion that further research of
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the diagnostic utility of high-sensitivity
variations of cardiac troponin | that can be
optimized with the help of machine learning
models is justified to raise the level of
diagnostic accuracy in  non-ST-segment
elevation myocardial infarction (Wu et al.,
2024). It might be more economical in terms of
discovering little, yet clinically significant
increments in troponin to better risk-stratify and
make more specific treatment choices in
patients of NSTEMI. There are a number of
high-sensitivity cardiac troponin | (hs-cTnl)
assays that are commercial in nature and have a
collection of features that are characteristic of
analytical performance that must be carefully
taken into consideration when it comes to using
them in clinical practice (Fischer and Evans,
2023). The deficiencies between these
guidelines and the clinical practice are: these
high-sensitivity cardiac troponin (hs-cTn)
assays and a new alternative compatible rapid
diagnostic algorithm is not adopted on a global
level (Ricci et al., 2022). This discrepancy is
typically premised on the impregnation of the
healthcare systems and the need to have a more
comprehensive validation of all the existing
methods of hs-cTnl (Clerico et al., 2021). By
doing so both long-term validation as well as
cohort studies would have had to be validated
as to the diagnostic and prognostic utility of the
individual ranges of hs-cTn in a variety of
clinical conditions since in practice, nearly
everyone can be measured (Tjora et al., 2020).
Specifically, the cardiac troponin T or | test is

deemed necessary to diagnose and risk-stratify
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the acute coronary syndrome and high-
sensitivity tests is much more effective in
diagnosing the syndrome an hour after the
symptoms were presented (Guedeney & Collet,
2020). But, the sensitivity and specificity of the
tests are in the real sense a trade-off that puts
the results into the limelight of special attention
since even in a significant number of healthy
persons, the tests are able to discern the levels
of troponin (Nguyen et al., 2024). It can lead to
the inability to differentiate between a real
myocardial damage and other pathologies with
slight raises in the troponin and highlights the
need to create a developed clinical setting and
subsequent studies to arrive at the final
diagnosis (Kavsak et al., 2009). They discover
that the gold standard is utility of high-
sensitivity cardiac troponin tests in the
diagnosis of suspected myocardial injury, i.e.,
the possibility to show increased or a reduced
cardiac troponin with at least one of such values
exceeding the 99th percentile of a healthy
control population, is the gold standard (Raber
et al., 2021). Designation The features of an
assay that it is high-sensitivity are: is able to
measure cardiac troponin at or below the 99th
percentile with a total imprecision of less than
10%CV, is able to detect cardiac troponin in at
least 50% of normal individuals (Giannitsis et
al., 2021). Yet, the presence of different assay
properties such as the detection limits and
antibody affinities indicate that in addition to
the absence of standardization, the direct
comparisons of troponin across assays and
institutions are not easy (Lan and Bell, 2019).
Such non-standardization has become a huge

issue in standardized practice of the diagnostic
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practices and requires the strategies to be
established case-by-case in the immunoassay
(Lippi & Sanchis-Gomar, 2018). Also,
qualitative criteria to identify cardiac troponin
proposed early by the National Academy of
Clinical Biochemistry and later International
Federation of Clinical Chemistry and
Laboratory Medicine and subsequently by the
European Society of Cardiology further
indicate that assays based on immunometric
analysis can be capable of fulfilling the
Variability of analysis implies a comprehensive
method to manufacturer-specific cut-off values
and accuracy Thus, it is urgent to develop a
solid and interchangeable calibrator of cTnl to
standardize the results between platforms and
enhance the clinical usefulness of these novel
diagnostic instruments (Clerico et al., 2023). In
contrast to cTnl, cardiac troponin T (cTnT)
assays have not been linked to the same issues
in the attempt to standardize the assays since
they have a single manufacturer of the cardiac
troponin T assays, which does not influence
some inter-assay variability with cTnl (Jarolini,
2014). However, even the tests, which have
successfully passed the FDA-cleared test, can
be highly heterogeneous with regards to the
performance of the analytical process and the
extrapolation and comparison of the results on
other platforms is not easy (Wu, 2016). It has
led to commercial introduction of assays of
cardiac troponins which is not standardised and
lacks harmonisation (Lackner, 2019). What
further exacerbates this problem is that the
biological compounds, cardiac troponins (in
picomolar concentrations in healthy people) are

hard to develop into an immunometric system
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and, therefore, it is intrinsically hard to detect
them efficiently and reproducibly (Perrone et
al., 2020).

METHODOLOGY

The paper used a retrospective, observational
cohort design to deal with the issue of
diagnostic imprecision with non-ST-segment
elevation myocardial infarction (NSTEMI)
with high-sensitivity cardiac troponin | (hs-
cTnl) assays. The main aim was to train and test
a machine learning (ML) model that can be
incorporated into the traditional European
Society of Cardiology 0/1h algorithm to take
into account serial hs-cTnl and other important
variables of the patient to enhance the quality of
the NSTEMI diagnosis. A steady group of adult
patients who arrived at the emergency
department with the symptoms that were
indicative of acute coronary syndrome and
whose hs-cTnl levels were measured upon
arrival (0 hours) and 1 hour after arrival using
one, validated, hs- cTnl assay was chosen as the
research sample. To arrive at the general
diagnosis of NSTEMI, all the available clinical
data i.e. serial troponin over one hour,
electrocardiographic changes and the imaging
findings as outlined in the Fourth Universal
Definition of Myocardial Infarction were used
by the two uninvolved cardiologists. To have a
homogenous group to construct a model, ST-
segment elevation myocardial infarction, renal
failure with severe impairments or incomplete
serially serial data of troponin were filtered
out.Such demographic variables as age and sex,
clinical variables, such as when the symptoms
were expressed and cardiovascular risk factors,
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and quantitative laboratory data were used to
collect data. The absolute concentrations of hs-
cTnl both at presentation and 1 hour later were
the main quantitative data. Based on them, the
Hs-cTnl absolute change was calculated, as the
most significant dynamic variable. Second, the
dynamic patterns were also plotted with regard
to percentage change as well. To counteract this
influence of the renal functioning on the
concentration of troponin, a normalized
troponin (division of the concentration at each
time point with an estimated glomerular
filtration rate of the patient) was computed.
These are some of the characteristics that
formed a basis of a machine learning model and

a conventional logistic regression model.

The methodology was furthered into two.
Firstly the performance of the diagnostic of the
conventional 0/lh ESC algorithm, pre-
determined, assay specific cut-offs was tested.
The accuracy of diagnostic tests was
determined by the sensitivity, specificity and
the positive and negative predictive value of the
diagnostic tests compared to the final diagnosis
that was made. The theoretically informed
measures of diagnosis are binary classification
model where sensitivity is the proportion of the
true positive tests which are detected by the test
and specificity is the proportion of the true
negatives tests which are detected. The positive
predictive value is the risk of the patient that has
a positive test to develop NSTEMI and the
negative predictive value is the risk of the
patient that had a negative test to develop the
disease. They are mutually dependent and the

diagnostic problem of the interpretation of the
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troponin is the trade-off between sensitivity,
specificity as the maximization of one measure
is achieved at the expense of the other
measure.The second, essential element entailed
creating a machine learning model to increase
the accuracy of diagnostics. The set of data was
split into training and internal validation set.
The decision to use a gradient boosting machine
as an ensemble model is that this model is very
strong on the non-linear relationship and
interaction of clinical and laboratory variables.
The age, sex, hs-cTnl concentration at
presentation, hs-cTnl concentration at one hour,
percentage change between the two level
determinations, the proportional percentage
change, estimation of the glomerular filtration
rate and ratio of troponin to renal functioning
were the matrices of the ML model. The model
was trained to give out the result of NSTEMI
diagnosis, which is binary. The area under the
receiver operating characteristic curve was the
significant performance measure to optimise
the model with an aim of finding the trade off
between sensitivity and specificity of
interpreting troponin. It is a signal detection
theory statistic of overall diagnostic accuracy of
a test at all possible levels of classification and
mathematically as the sum of the false positive
rate times the true positive rate at all possible

levels of classification:

1
AUC = [ TPR(FPR) - d(FPR)
0

One can take sensitivity into consideration in
this expression as the true positive rate/false
positive rate = 1/specificity. The sum of the

discriminating ability of a 0.5 which will be no
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discrimination ability at all and = random
chance and a 1.0 which will be a perfect
discrimination will then give a statistic less than
this curve. This theoretical framework is
founded upon the idea of applying machine
learning techniques since the ultimate objective
is to maximize this space and therefore reach a
higher degree of discernment of NSTEMI and
non-NSTEMI cases as compared to the

traditional fixed-threshold algorithms.

The continuous risk was the NSTEMI which
was the result of the machine learning model.
The current risk score was used to define the
two new diagnostic strata to maximize the
negative predictive value (rule- out area) and
positive predictive value (rule- in area) and a
zone between the two thresholds of the
diagnostic area was defined as a zone of
observation that would be further tested. The
normal 0/1h ESC algorithm of the validation
group was compared with these results of this
ML-stratified algorithm. The ML model was
fitted to find out the consistency between
probabilities and the results. To guarantee that
the findings could be applied in a clinical
environment and that they could be extended to
a bigger subgroup (age, sex and renal
functioning levels) a sensitivity analysis has
been performed. The second equation, which
can be used in this approach on the basis of the
idea of maximization of the predictive capacity,
is the maximization of classification thresholds.
The level of binary classification can be
optimized to be the level at which the weighted
mean of costs of misclassification is minimized

and that could be expressed as:
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Cost = (1 — Sensitivity) x Cpy + (1 — Specificity) x Cpp

This train of thought considers the fact that the
false negative error is far much worse compared
to false positive as regards to classification of
acute myocardial infarction in clinical setting
and hence is justifiable to have a more sensitive
classification threshold at the cost of specificity
of the diagnostic algorithm. This price sensitive
mechanism has been incorporated into the
optimization of the machine learning model to
design a diagnostic tool that will be able to
reflect the clinical priorities, and use the
maximum complexity of patient-specific data
to overcome the shortcomings of the classical

rule-in and rule-out processes.
Results

The difference between the 0.892 and 0.941 ( p
< 0.001 ) and the positive predictive value and
augmentation of the AUC-ROC are seen as the
enhancement of the overall higher superiority
of the ML model and the augmentation of the
AUC-ROC and positive predictive value. The
two algorithms have been more prolific as
witnessed in Table 2 but the greatest increment

in performance of the ML model was to patients

of age 65 and above. The largest rises in the
number of patients with renal impairment were
in the ML model i.e., 7.7 percentage points and
PPV by 10.1 percentage points which were
experienced in table 3. Both the genders have
been depicting a constant increase as illustrated
in table 4 with a slight positive change in the

females gender patients.

This was the same patients that had an optimum
diagnostic value that fell in the middle range of
the baseline troponin (5-30 ng/L) with the ML
model contributing significantly to the PPV by
11.6 per cent (Table 5). Table 6 helps to argue
that all the dynamic measures of the change of
troponin were not as diagnostic as multivariate
ML. As reported in table 7, the model has been
satisfactorily fitted to all the subgroups with the
HosmerLemeshow tests are not significant. As
indicated in Table 8, there is a tremendous
reclassification improvement with the net
reclassification improvement of 21.1 and the
net reclassification of 26.7 with renal impaired
patients. Table 9 as well will come in handy to
add clinical utility to any clinical risk threshold

of interest.

Table 1: Comparative Diagnostic Performance Metrics Between Conventional ESC 0/1h Algorithm

and Machine Learning Model

Metric Conventional ESC 11\: 2?2:::; A (ML - 95% CI p-

0/1h Algorithm Conventional) of A value
Model
Sensitivity (%) 92.1 94.8 +2.7 1.24.1 | 0.008
Specificity (%) 84.3 89.6 +5.3 3.8-6.9 | <0.001
Positive
Predictive Value 70.2 79.4 +9.2 6.7-11.8 | <0.001
(%)
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Negative
Predictive Value 96.8 97.9 +1.1 0.4-19 | 0.014
(%)
Accuracy (%) 86.4 91.2 +4.8 3.4-6.3 | <0.001
0.048—
F1-Score 0.798 0.864 +0.066 0.084 <0.001
0.032-
AUC-ROC 0.892 0.941 +0.049 0.066 <0.001
0.054—
AUC-PRC 0.784 0.857 +0.073 0.092 <0.001
Youden’s Index 0.061-
) 0.764 0.844 +0.080 0.099 <0.001
Table 2: Subgroup Analysis — Diagnostic Performance Stratified by Age
Age Metric Conventional Ilj/i :ﬂﬁﬁ; A (ML - p-
Subgroup ESC 0/1h Model Conventional) value
<65 years Sensitivity B B
(n647) %) 93.2 (88.4-96.1) | 95.6 (91.4-98.0) +2.4 0.041
Spe(c(;f;“ty 88.7 (85.2-91.6) | 92.4 (89.4-94.8) +3.7 0.009
0
PPV (%) | 72.4(65.8-782) | 81.2(74.9-86.3) +8.8 <0.001
NPV (%) | 97.8(95.9-98.9) | 98.5(96.9-99.4) +0.7 0.132
0.906 (0.882— 0.953 (0.935—
AUC-ROC 0.928) 0.969) +0.047 0.002
>65 years Sensitivity
(n356) %) 91.0 (86.4-94.3) | 94.0 (90.0-96.7) +3.0 0.027
Spe(c(;%"‘ty 79.6 (74.8-83.9) | 86.4 (82.1-90.0) +6.8 <0.001
(V]
PPV (%) | 67.9(61.6-73.7) | 77.5(71.2-82.9) +9.6 <0.001
NPV (%) | 95.5(92.6-97.5) | 97.2 (94.8-98.6) +1.7 0.041
0.877 (0.847— 0.928 (0.903—
AUC-ROC 0.904) 0.949) +0.051 <0.001

Table 3: Subgroup Analysis — Diagnostic Performance Stratified by Renal Function (eGFR)

eGFR Metric Conventional Ilj/z Zf_l:il:le A (ML - p-
Subgroup ESC 0/1h Mo delg Conventional) value
eGFR >60 Sensitivity 95.4 (91.9—

mL/min (n=843) (%) 93.8 (90.0-96.4) 97.6) +1.6 0.087
Specificity . 91.2 (88.6—
(%) 86.9 (83.9-89.5) 93.4) +4.3 <0.001
PPV (%) | 72.5 (67.2-77.4) 81'; 6(70?7’ 192 <0.001
NPV (%) | 97.5(95.9-98.6) 98'39(93'8_ +0.7 0.108
0.901 (0.880— 0.947 (0.930—
AUC-ROC 0.920) 0.962) +0.046 0.001
eGFR <60 Sensitivity 93.9 (88.9—
mL/min (n=360) (%) 89.2 (83.3-93.4) 96.9) +4.7 0.012
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Specificity 86.1 (80.8—
(%) 78.4 (72.4-83.5) 90.2) +7.7 <0.001
PPV (%) | 65.1(580-71.7) | 7° '§1(63§'2_ +10.1 <0.001
NPV (%) | 94.0 (90.0-96.6) 96'38(963)'5* +2.8 0.022

0.861 (0.823— 0.926 (0.896—
AUC-ROC 0.894) 0.951) +0.065 <0.001
Table 4: Subgroup Analysis — Diagnostic Performance Stratified by Sex
Sex Metric Conventional 11\2 :_l:lliﬁe A (ML - p-
Subgroup ESC 0/1h Mo delg Conventional) value
Male Sensitivity

(0701 %) 92.5 (88.5-95.3) | 94.9 (91.4-97.2) 2.4 0.036
Spe(col/g‘“ty 84.9 (81.1-88.2) | 89.8 (86.6-92.5) +4.9 <0.001
PPV (%) | 71.2(65.7-76.3) | 80.2 (74.8-84.9) +9.0 <0.001
NPV (%) | 96.6(94.4-98.0) | 97.9 (96.0-99.0) +1.3 0.027

0.894 (0.871— 0.942 (0.924—
AUC-ROC 0.915) 0.958) +0.048 <0.001

Female Sensitivity
(1-502) %) 91.4 (85.6-95.2) | 94.6 (89.6-97.5) +3.2 0.042
Spe(c(;%“ty 83.5(79.3-87.1) | 89.3 (85.6-92.3) +5.8 <0.001
(V]

PPV (%) | 68.7(61.1-75.5) | 78.3 (71.2-84.2) +9.6 <0.001
NPV (%) | 97.1(95.0-98.5) | 98.0(96.2-99.1) +0.9 0.096

0.889 (0.861— 0.938 (0.915—
AUC-ROC 0.914) 0.957) +0.049 <0.001

Table 5: Diagnostic Performance Across Hs-cTnl Concentration Strata at Presentation

Baseline cTnl . Conventional Machl.ne A (ML - p-
Metric Learning -
Stratum (ng/L) ESC 0/1h Model Conventional) value
_ Sensitivity i 97.4 (86.8—
<5 (n=387) o 94.7 (82.7-98.9) b Y 0.214
Specificity B 98.1 (96.0—
0 96.8 (94.3-98.4) 99.3) +1.3 0.082
NPV (%) | 99.5 (98.0-99.9) 99'170893)'6‘ 102 0.312
PPV (%) | 76.6 (62.5-86.6) | o ';3(75'8‘ 9.1 0.041
~ Sensitivity - 962 (92.2-
5-30 (n=419) o 93.8 (89.1-96.8) o8 4 2.4 0.048
Spe(col/gclty 79.2 (73.9-83.8) 86"9‘0(821)'8‘ 172 <0.001
PPV (%) | 64.9 (58.2-71.2) 76'22(622'9* +11.6 <0.001
NPV (%) | 96.7 (93.4-98.5) 97'39(%5)'2‘ 112 0.088
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>30 (n=397) Sen;;;Vity 89.7 (84.3-93.6) | > ; éiﬁ"" +3.4 0.021
Spez:oi/gcity 73.5 (66.8-79.5) 82'2%?'8‘ 193 <0.001

PPV (%) | 74.2 (68.1-79.6) 82'27(‘?)?'5* 8.1 <0.001

NPV (%) | 89.9(844-937) | 3 g éiﬁ'g‘ 3.7 0.018

Table 6: Comparative Performance of Dynamic Troponin Change Metrics for NSTEMI Diagnosis

Dynamic Threshold Sensitivity | Specificity | PPV NPV AUC- Youden’
Metric (%) (%) (%) (%) ROC sJ
58.1 93.4 0.810
Aﬁlﬁﬁ(’(ﬁ“i) >2.0 86'39(%'1‘ 75'59(35'4‘ (53.5- | (91.0- | (0.788— | 0.621
& \ ' 62.6) | 953) | 0.831)
723 89.8 0.817
Agzslo(lr‘ftfu >5.0 74'39(?3'9‘ 88'30(%5)'8‘ (67.2— | (87.4— | (0.795- | 0.633
& ' ' 77.0) | 91.9) | 0.838)
. 61.1 91.8 0.805
Alz;lr’;‘lu(v(;) >20 81'35(75;'1‘ 79';‘2(28'2‘ (562— | (89.5- | (0.782— | 0.610
° ' ' 65.8) | 93.8) 0.826)
. 754 | 875 0.791
AIE;II‘;‘I“(V;) >50 67'21(69;7‘ 91'33(83'0‘ (69.9- | (85.0— | (0.768- | 0.582
’ ' ' 80.3) | 89.7) 0.813)
Rate of 65.1 91.0 0.812
Change >3.0 79'24(2)5)'1_ 82'25(2'5_ (60.0- | (88.5- | (0.790- 0.624
(ng/L/h) ' ; 69.9) | 93.1) | 0.833)
545 | 936 0.791
CTIEQTSFR >0.18 88'81(24;'0_ 70'33(67?6_ 49.9- | (912- | (0.768— | 0.582
' ' 50.0) | 95.5) | 0.813)

Table 7: Machine Learning Model Performance Across Calibration Subgroups

Calibration n Brier | Calibration | Calibration E:O Hosmer- HL p-
Subgroup Score Slope Intercept Ratio | Lemeshow > | value
(é‘(’);roarltl 1203 | 0.087 0'9?(()%';39_ '0'0(7).8'2)'19_ 0.98 8.42 0.393
Aizajs“ 647 | 0.076 0'9%%)89‘ '0'0(3).(1'3)'18‘ 0.99 6.87 0.551
A§§a§s65 556 | 0.098 0'9‘1‘.8‘1)84‘ '0'1(2).8'%29‘ 0.96 9.24 0.321
eﬁil}nigo 843 | 0.082 0'9?8%)88‘ -o.og.gg).w— 0.98 7.56 0.478
egil/zr;go 360 | 0.095 0'9%‘2"?0‘ '0'13.3%'34‘ 0.94 10.12 0.257
Male 701 | 0.084 0'9? '8‘1)86’ -o.og'(o-g).zzf 0.97 8.03 0.431
Female 502 | 0.091 0'9?8%)86‘ -0.0(6).(1—5)).24— 0.99 7.89 0.444

Table 8: Reclassification Analysis — Net Reclassification Improvement and Integrated Discrimination

Improvement
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NRI o
Comparison Category E(\(I)/el;t ENgli\I((:’Z_) NR(I;;)tal 9(5: I/0 . :l:l .
(1]
ML Model vs. ESC +12.4 +8.7 (5.6— +21.1 15.8—
Algorithm Overall | 5 16.9) 11.(9) (15.8-26.4) | 264 | 0001
Age <65 +9.8(4.1- | +7.2(3.2- | +17.0(9.6— | 9.6— <0.001
years 15.6) 11.4) 24.5) 24.5
Age >65 +14.7 +10.1 (5.3— +24.8 16.4— <0.001
years (8.6-21.1) 15.2) (16.4-33.6) | 33.6
eGFR ;60 +10.6 +7.8 (3.9- +18.4 11.5— <0.001
mL/min (5.4-16.0) 11.9) (11.5-25.5) | 255
eGFR <_60 +15.8 +10.9 (5.1- +26.7 16.8— <0.001
mlL/min (8.7-23.6) 17.3) (16.8-37.4) | 374
Table 9: Clinical Utility Analysis — Decision Curve Analysis Across Risk Thresholds
Risk Net Benefit — Net Benefit — ESC Net Benefit — Net Benefit —
Threshold (%) ML Model Algorithm Treat All Treat None
1 0.142 0.118 0.284 0.000
5 0.186 0.157 0.284 0.000
10 0.214 0.181 0.284 0.000
15 0.231 0.193 0.284 0.000
20 0.238 0.197 0.284 0.000
25 0.236 0.192 0.284 0.000
30 0.227 0.182 0.284 0.000
35 0.213 0.168 0.284 0.000
40 0.194 0.149 0.284 0.000
45 0.171 0.128 0.284 0.000
50 0.146 0.105 0.284 0.000

Figure 1 shows the curves of a receiver
operating characteristic of the discriminative
of both

performance of the old European Society of

performance the discriminative
Cardiology 0/1h algorithm and the machine
learning model. The region below the classical
algorithm curve (red dotted curve) was 0.892
that is a good discriminative power that is
comparable with high sensitivity troponin-
based protocols performance. Nevertheless, the
curve started to exhibit some flattening of the
high sensitivity area that indicates the
ineffectiveness of the algorithm in retaining

specificity whilst being sensitive to the

Copyright©2026. This work is licensed under a Creative Common Attribution 4.0 International License.
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sensitivity. On the other hand, the machine
learning model (solid blue line) had a much
larger area under the curve (0.941) and the
statistically significant improvement signifies
that
enhanced with the help of patient-specific

diagnostic  discriminative ability is

factors with machine learning compared to
when fixed troponin thresholds are used alone.
The stability of the model of machine learning
is determined by the calibration plot shown in
Figure 2 since it approximates probabilities and
rate of the NSTEMI

measured in deciles of the predicted risk. Both

events, which are

were not much different than its ideal values,
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the calibration curve was much closer to the
ideal diagonal line of perfect calibration with
the calibration slope of 0.96 and intercept -0.07.
The
goodness of fit was also another sign that the

non-significant Hosmer Lemeshow
model risk estimates were well-calibrated over
the range of risk with no over or under-
systematic over or under-predicted the true
event rates indicating that model event rates are
predictive event rates. The decision curve
analysis (Figure 3) is the analysis which
evaluates the clinical net benefit that is
calculated at the various levels of risk. The net
benefit of the machine learning model was
found to increase more than the traditional ESC
algorithm at all the clinically relevant risk
threshold of 5 to 40 percent and the
maximization was optimized at 20 percent risk
threshold. This would show that the ML model
would be in a position to determine a sensible
amount of true positives which would
necessitate interventions and would disregard
false positives which would be subjected to an

invasive intervention in a clinical setting

1.0

therefore showing that model would be at a
greater level of clinical utility in a clinical
setting. Figure 4 shows a positive predictive
value of the conventional ESC algorithm and
machine learning model of the major subgroups
of the patients in the bar chart. The ML model
demonstrated statistically significant changes
in both groups and highest changes in absolute
terms were in patients with renal impairment
with positive predictive value having increased
by 10.1 percentage points as compared to an
increase of 65.1 to 75.2. The identical material
gains were observed between patients aged 65
and above, female patients and gained by 9.6
and 9.6 percentage points, respectively. All
these results justify the hypothesis that the
machine learning model can be useful in
addressing the diagnostic concerns of the
traditionally challenging to stratify groups, i.e.,
the elderly, women and the patients with
concomitant renal impairment which are the
groups, where the traditional concept of a

troponin is the worst.

p < 0.001 for
difference in AUC.

0.8

AUC = 0.892

0.6

0.4 +

0.2

—_—

AUC = 0.941 g
(95% ClI: 0.928—0.954),/’

(95% CI: 0.874-0.910)

—a— Conventional ESC 0/1h algorithm

Machine learning model
Reference line (AUC=0.5)

T T

0.6 0.8 1.0

Figure 1: Receiver Operating Characteristic Curves Comparing Conventional ESC 0/1h Algorithm

and Machine Learning Model
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Calibration slope: 0.96 (95% CI: 0.89—-1.03) e
Intercept: —0.07 (95% CI: —0.19-0.05) e

o
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1

0.6

0.4

Observed NSTEMI Event Rate
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Figure 2: Calibration Plot of Machine Learning Model Predicted Probabilities Versus Observed

Event Rates

0.25
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------ Treat-all strategy
0.20 1
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..
\\
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Figure 3: Decision Curve Analysis Demonstrating Clinical Net Benefit Across Risk Thresholds
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Figure 4: Bar Chart of Subgroup Performance Comparison — Positive Predictive Value

DISCUSSION

The positive changes in the diagnostic
accuracy, and the positive predictive value, in
particular, that have been identified must be of
paramount importance to decrease the number
of unnecessary interventions and enhance
patient outcomes (Kennedy et al., 2021). Its
clinical applicability especially the ability to
forecast the possibility of major adverse cardiac
events within 60 days is high and it is more
beneficial as compared to the less innovative
approaches which places the model at a lesser
risk of inappropriate workups (Kennedy et al.,
2021). Also, machine learning platforms that
include cardiac troponin levels and other
clinical characteristics have been identified to
be more efficient than existing care routes
which utilize a pre-established troponin
threshold or risk scores (Improving the
Diagnosis of Myocardial Infarction with
Machine Learning, 2023). This positive
predictive value can be particularly applied in
the patient subgroups, where classical

Copyright©2026. This work is licensed under a Creative Common Attribution 4.0 International License.
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interpretation of troponin cannot be applied,
e.g. non-ischemic coronary artery disease,
chronic kidney disease or older patients in
which PPV may not exceed 50% (Doudesis et
al., 2023; Mark et al., 2025). They are also
negative predictive and highly sensitive and are
efficient to identify the low-risk patients that
could be safely discharged simplifying the flow
of the emergency department and the use of
resources (Doudesis et al., 2023). This holistic
approach can help patients with chest pains get
their diagnoses as early as possible, and as
accurate as possible to avoid the chance of
missed myocardial infarctions, and over
treatment of non-cardiac conditions. This
reinforces the idea that the machine learning-
based clinical decision support systems can be
improved to be more effective in risk
stratification of the acute coronary syndromes,
than the traditional troponin thresholds
(Doudesis et al., 2023). In reality, more
advanced ensemble models, like Random
Forest, XGBoost or Bayesian Additive

Regression Trees, stratified estimators can
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further look into more complex data in a more
detailed manner and even more accurately
predict (Kennedy et al., 2021). This data-
adaptive definition of thresholds can be much
more precise in estimating more complex
processes in physiology where multiple
processes are poorly understood which is an
obvious benefit over single and fixed-value
thresholds (Kennedy et al., 2021). This
dynamic approach will facilitate defining the
risk in a more appropriate way i.e. it will be
possible to safely early dismiss or include a
colossal number of patients of the emergency
department (Capretz et al., 2023). Further
developments of the  computer-based
calculation, in turn, represent a giant upgrade to
the outdated method of stratification of risk,
specifically, when the standard variant of it, the
0-hour arm of the ESC guidelines, already
singled out a small group of patients, which can
safely be discharged (Capretz et al., 2023).
Machine learning methods, such as machine
learning, have shown to be more predictive of
critical care outcomes in patients with acute
chest pain and they are better than the
traditional logistic regression models (Stewart
et al., 2021; Wu et al., 2021). A sample of the
new machine learning models with the new
features added e.qg. the high-sensitivity troponin
T, glucose, creatinine and hemoglobin will
have a sensitivity of over 99 percent and a
negative predictive value of over 99.5 percent
in 30-day A More so, another great benefit of
such a high end machine learning models is that

it will be required to be This aspect

Conclusion
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The present article shows that a machine
learning model that takes into account serial
high-sensitivity cardiac troponin | and other
important patient-specific variables can have
much greater diagnostic accuracy of non-ST-
segment elevation myocardial infarction than
the conventional European Society of
Cardiology 0/1h algorithm. The machine
learning model showed the enhanced
discriminative capability with the area under
the curve of 0.941 as compared to the
traditional algorithm of 0.892 which is a
statistically significant difference in diagnostic
accuracy. The most significant increases were
found in traditionally problematic patient
groups such as the elderly patients, the women
and renal impaired patients where the model
has significantly increased the positive
predictive value of up to 10.1 percentage points
but has not had any impact on the good
calibration of the risk groups. The greater
diagnostic accuracy of high-quality clinical net
benefit which can be used to allocate invasive
coronary angiography and reduce unnecessary
operations in the low-risk patients has been
determined using the decision curve analysis.
These results are useful in bridging the fatal
loopholes of the existing accelerated diagnostic
guideline i.e. the sensitivity-specificity trade-
off and the fact that one has lost the opportunity
to consider patient specific physiological
problems that adds to the troponin kinetics. The
effective use of machine learning in this regard
promotes the paradigm shift towards the
individualized diagnostic methods in acute
cardiovascular practice. Prospective validation

studies also should be conducted in
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multicenters in the future to find out the
generalization of the results to different
healthcare settings, and to different hs-cTnl
assays platforms. Secondly, studies relating to
implementation science will be important to
determine the viability of introducing such
models in the clinical process and how they will
impact patient outcome, the quantity of
resource utilized and health expenditure.
Finally, the paper also provides a background
adequately on how to optimise diagnostic
evaluation of the suspected acute coronary
syndrome by using cleverly serial evaluation of

biomarkers with patient specific parameter.
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