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Infarct size is a major predictor of subsequent cardiovascular events following ST-segment elevation
myocardial infarction (STEMI) and is frequently used in clinical trials focused on cardioprotection.
Approximately assessed through serial blood sampling, it can be accurately measured by imaging
techniques, e.g. cardiac magnetic resonance imaging, which is the actual gold standard for infarct size
determination but with limited availability in daily practice. We developed a mathematical biomarker
kinetic model based on pharmacokinetic compartment models to easily and accurately estimate infarct
size using individual data from five clinical trials evaluating the impact of conditioning therapies in
STEMI between 2005 and 2013. Serial blood sampling was available in all studies with data regarding
creatine kinase (CK), CK specific of cardiomyocytes (CK-MB) and cardiac troponin |. Our model allowed
an accurate estimation of biomarker release as a surrogate marker of infarct size and a powerful
assessment of conditioning treatments. This biomarker kinetic modelling approach identified CK-MB
as the most accurate biomarker in determining infarct size and supports the development of limited
sampling strategies that estimate total biomarker amount released with a lower number of samples. It
will certainly be a useful add-on to future studies in the field of STEMI and cardioprotection.

In the context of myocardial ischemia-reperfusion injury, infarct size is a key predictor of subsequent major
cardiovascular events® 2. If it can be accurately determined using imaging techniques such as myocardial radi-
onuclide scintigraphy or more recently cardiac magnetic resonance (CMR) imaging, actually considered to be
the gold standard in infarct size assessment, the accessibility to these techniques is an important limitation in
routine practice>*. Many centres worldwide including some participating in cardioprotection clinical trials in the
context of acute myocardial infarction don’t have access to cardiac MRI technology. For the remaining centres,
cardiac MRI is usually not available during off-business hours and non-working days. This renders the assessment
of infarct size in the early phase of acute myocardial infarction still mainly dependent on serial blood measure-
ments of biomarkers that are more likely to be available on a 24/7 basis. Necrosis markers commonly measured
in routine practice are serum creatine kinase (CK), creatine kinase myocardial band specific of cardiomyocytes
. (CK-MB) and troponins I (cTnl) or T, the latter being considered as the gold standard currently used in the uni-
: versal definition of myocardial infarction by both the European Society of Cardiology and the American College
. of Cardiology/American Heart Association™®.

According to updated state-of-the-art knowledge regarding cardiovascular diseases, the early impact of car-
dioprotective techniques/drugs on ischemia/reperfusion-induced lesions can be monitored through infarct size
reduction’ 8. This is the reason why this parameter is a first-choice key endpoint in translational research on acute
myocardial infarction. In the past decade, conditioning therapies (ischemic post-, remote and pharmacologi-
cal with Cyclosporine A) were identified as major promising interventions to reduce infarct size and improve
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Study parameters CK and cTnl CK-MB

Patients evaluable 132 49

Study arms Control - 61 Control - 16
Treatment - 71 | RIPer - 17

RIPer+IPOST - 16

Sex (female/male) 101/31 40/19

Diabetes (yes/no) 19/113

Age (years) 58 [49-68] 59 [49-72]

Area at risk (% of ACS) 34.8 [27.0-46.5] | 37.4 [30.5-45.7]

Body weight (kg) 75 [67-84] 76 [70-83]

Height (cm) 171 [165-176] 170 [166-175]

Glycemia (g/L) 1.31[1.18-1.67] | 1.40 [1.10-1.71]

Serum Creatinine (pmol/L) | 83 [77-92] 78 [68-103]

Hemoglobin (g/dL) 14.2[12.8-14.9] | 14.9 [14.0-15.8]

AUC CK (IUW/L) oo 6[]44032' -

CK peak (IU/L) iﬁg]“m‘ -

AUC cTnl (mg.h/L) igg;l[ 1452-

cTnl peak (mg/L) 97 [46-161] —

AUC CK-MB (IU.h/L) — 5403 [3631-7742]

CK-MB peak (IU/L) — 306 [196-451]

Table 1. Summary of assessed patients characteristics. AUC, area under the concentration versus time curve;
CK, creatine phosphokinase; cTnl, cardiac troponin I; CK-MB, creatine phosphokinase muscle-brain.

patients’ prognosis, though the latter remains to be demonstrated® !°. Usually, the relevance of these conditioning
techniques are assessed by measuring the total amount of necrosis marker released by the injured myocardium
using the peak and/or the area under the concentration versus time curve (AUC) of CK, CK-MB and cTnl. These
surrogate endpoints are used because of their availability and their known correlation with infarct size'!"*. After
patient’s inclusion, several blood samples are usually collected, and CK activity and cTnl concentrations measured
from inclusion up to 72 hours. The AUC of CK and cTnl are calculated using trapezoidal rule, which is the refer-
ence method!*. However, biomarker concentrations do not only include information on the amount of biomarker
released by the lesion as it is influenced by its kinetics of release, distribution and elimination. These parameters
present an important inter-individual variability. Therefore, AUC do not provide an accurate estimation of the
amount of released necrosis marker. For instance, a patient with a lower than average elimination rate of a given
biomarker will have an overestimated AUC compared to a median patient, thus blurring the results of cardiopro-
tection studies.

One relevant way to estimate the total amount of marker released by the lesion into the bloodstream may be to
use mathematical models describing its kinetics over time with input and output quantifications. These models,
known as “compartmental models”, are commonly used to describe the pharmacokinetics (PK) of drugs.

Biomarker kinetic modelling was previously used to describe prostate-specific antigen decrease after ade-
nomectomy'?, human chorionic gonadotrophin decrease in cancer patients treated with chemotherapy'¢, $100
calcium-binding protein (S100b) kinetics of decrease after traumatic brain injury'” and N-terminal pro B-type
natriuretic peptide (NT-proBNP) kinetics to predict the risk of mortality following acute heart failure'®. In phar-
macokinetic modelling, the amount (dose) of the study drug administered to patients is known, whereas the
amount of necrosis biomarker released by injured tissue is unknown and has to be estimated. The description of
biomarker kinetics using modelling would allow the quantification of (i) the amount of biomarker released by
injured tissue, (ii) the kinetics of this release, (iii) the distribution of biomarker in the body and (iv) the elimi-
nation of biomarker from serum. The quantification of all of these phenomena should allow an accurate quan-
tification of the amount of biomarker released by injured tissue, a variable that could be of precious value in
cardioprotection studies.

The main goal of the present study was to develop a kinetic model allowing the estimation of the total amount
of necrosis biomarkers (CK, CK-MB, cTnl) released during myocardial ischemia-reperfusion injury from its con-
centrations measured in serum. We could derive from this information easy and accurate infarct size estimations
that would serve in the evaluation of cardioprotective therapies.

Results

Patient population and data collection. Among the 246 patients included in clinical trials, 180 patients
had a full biomarker measurement profile and were assessed, i.e. 43 (17 and 26), 57, 32, and 49 patients for “PC”
studies, “PC CsA”, “PCNR” and “RIPOST-MI” studies, respectively (Table 1). Therefore the three full data sets,
i.e. with CK, ¢Tnl and CK-MB, included 132, 132 and 49 patients, respectively. Learning and validations subsets
for CK and cTnl included 84 and 48 patients, respectively, whereas 32 and 17 patients were assigned for CK-MB,
respectively.
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Bror Biomarker 2120 (23) 196 (29) 167 (18)
Arm on Brorp — —0.43 (34) —0.56 (38) —0.75 (29)
AAR on Brop — 0.020 (30) 0.019 (39) 0.037 (24)
B, biomarker 173 (12) 0.11 (41) 43.1(36)
B, biomarker — — —

Fr — 0.15 (31) 0.53 (14) —

n, nb of transit compart. | 2.5 (7) 2.0 (10) 1.0 (19)
Kyt h-! 0.68 (11) 0.29 (6) 0.34(12)
n, nb of transit compart. | 50.7 (8) 4.2 (6) —

Ky h! 14.4(7) 0.88 (1) —

Kprod Biomarker/h 6.9 (11) — 0.32(8)
k. h! 0.062 (3) 0.097 (6) 0.096 (2)
ki, h™! — 0.11(8) —

Ky, h! — 0.044 (12) —

Wagot (=) — 0.65 (8) 0.80 (8) 0.51 (14)
wpy (=) - 1.1(8) 3.7 (18) 1.1 (29)
wga (=) — — — —

wpr (—) — 0.79 (20) 0.59 (13) —

Wy (—) — 0.49 (11) 0.46 (11) 0.64 (23)
Wi (=) — 0.78 (10) 0.43 (14) 0.18 (22)
W (=) — 0 (fixed) 0.25 (27) —

Wiira (—) — 0 (fixed) — —

Wiprod (=) — 0.83 (10) — 0.37(15)
Wie (<) — 0.23 (10) 0.23 (15) 0.10 (14)
wip (—) - - 0.16 (30) —

wy () - - 0.79 (14) —
g;g;ﬁ‘a‘r“ljzgf biomarker 93(15) 0.82 (20) 0.19(20)
Oprop (%) % 0.099 (3) 0.15 (4) 0.12 (5)

Table 2. Parameter estimates. CK, creatine phosphokinase; ¢Tnl, cardiac troponin I; CK-MB, creatine
phosphokinase muscle-brain; w, interindividual standard deviation; cadd; additive error standard deviation;
oprop, proportional error standard deviation; Brop, total biomarker input released by lesion. AAR, area at risk;
ACS, abnormally contracting segments. All other parameters are explained in text.

A total of 1965 CK, 1965 cTnl and 735 CK-MB measurements were available. Of notice, in the original publi-
cation from Staat et al., CK data only were reported although c¢TnI data had also been recorded and were included
in this analysis.

Biomarker kinetic analysis. Model building was made on learning subsets. Biomarker kinetic models
allowed an estimation of total inputs of CK (CKrqr), cTnl (cTnlpor) and CK-MB (CK-MBrqr) levels. The kinet-
ics of these models were described and quantified separately from each other (Table 2). Elimination half-lives
of CK, cTnl and CK-MB were computed using kinetic parameters estimates and were 11.2h, 37.8h and 7.2 h,
respectively.

Base models for CK, cTnl and CK-MB. The kinetic models that were tested included a release model with a single
transit or a combination of two transit models, and a distribution/elimination model with one or two compart-
ments. Therefore, four models were finally tested. Baseline biomarker production was removed from the model
if it could not be estimated.

o CK data were best described using a two-transit mono-compartment model.

o cTnl data were best described using a two-transit two-compartment model, which is consistent with a previ-
ous study which reported a biphasic elimination of cTnI and two peaks®.

o CK-MB data were best described using a single transit mono-compartment model (Table 2).

The best error model was mixed additive-proportional for all biomarkers. Levels of CK, ¢TnI and CK-MB
were adequately described by the kinetic models (Fig. 1), even if a bias was observed for CK and cTnl pop-
ulation parameters, which disappeared for individual parameters. Interindividual variances of some release
model parameters could not be estimated and were therefore fixed to 0 (Table 2). All other parameters were
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Figure 1. Diagnostic plots of creatine phosphokinase (CK, left), cardiac troponin I (¢Tnl, middle) and creatine
phosphokinase muscle-brain (CK-MB) kinetic models. For each biomarker: observed versus model-predicted
for population parameters (top-left) and for individual parameters (top-right). The line is the first bisector

line. White and black circles are observed/predicted biomarker level couples for learning and validation
subsets, respectively. population weighted residuals versus population predicted biomarker levels (bottom-
left); individual weighted residuals versus individual predicted biomarker levels (bottom-right). White and
black circles are predicted biomarker level couples and weighted residuals of learning and validation subsets,
respectively. Typical parameters describe covariate-explained variability, whereas individual parameters
describe both explained and unexplained variability. Population plots of CK and c¢Tnl show a bias for population
parameters, which disappears for individual parameters. The strong similarity of results obtained from learning
and validation subsets demonstrate the good predictive performance of biomarker kinetic models.
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Figure 2. Prediction interval with 90% of kinetic profiles for creatine phosphokinase (CK), cardiac troponin I
(cTnl) and creatine phosphokinase muscle-brain (CK-MB) kinetic models versus time. White and black circles
are observed biomarker levels of learning and validation subsets, respectively.

estimated with good precision (with relative standard errors <30%, Table 2). Plots of residuals (Fig. 1) and
of prediction intervals (Fig. 2) showed no obvious bias or model misspecification for any biomarker.

Covariate models. Regarding the association between body weight, age, AAR, study arm, and the total input of
biomarker released by the lesion CKygp, cTnlpgr and CK-MByqy, the univariate step showed that (o < 0.1):

(i) CKrporincreased with AAR (LRT =10.2, p=0.0014) and was lower in the conditioning treatment arms
(LRT =4.5, p=0.034).

(ii) cTnlporincreased with AAR (LRT =12.1, p=0.0061) and was lower in conditioning treatment arms
(LRT =3.4, p=0.064).
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Figure 3. Individual parameter estimates for creatine phosphokinase (CK, top), cardiac troponin I (¢Tnl,
middle) and creatine phosphokinase muscle-brain (CK-MB, bottom) kinetic model parameters versus
conditioned arm (left) and area at risk (AAR, right). For control arm, whisker boxes display, from bottom to
top, 5, 251, 50%, 75t and 95" individual parameter value percentiles. White and grey boxes are learning and
validation subset results, respectively. For AAR, circles are covariate/individual parameter couples and line is
regression line with equation and coefficient of determination (R*). White and black circles are AAR/biomarker
levels of learning and validation subsets, respectively.

(iii) CK-MByorincreased with AAR (LRT =8.7, p=0.0032) and was lower in RIPer and/or IPOST treatment
arms (LRT =6.7, p=10.0098).

The multivariate step showed that (o < 0.01, Table 2, Fig. 3):

(i) CKrporincreased with AAR (LRT =11.06, p =0.0009), and was lower in the conditioning treatment arms
(LRT =8.4, p=0.0037).

(ii) cTnlporincreased with AAR (LRT =9.0, p=0.0027) and was lower in the conditioning treatment arms
(LRT=5.8,p=0.016).

(iii) CK-MByqy increased with AAR (LRT =16.9, p=3.8.10"°) and was lower in RIPer and/or IPOST treat-
ment arms (LRT = 12.0, p=0.00054). Because the RIPer arm was not significantly different from the
RIPer +IPOST arm (p = 0.89), these arms were merged (Table 2): the reference category was control and
RIPer arms and the other category was RIPer/RIPer 4 IPOST.

External validation. External validation was made on validation subsets. Individual kinetic model estimates,
AUC values and diagnostic plots showed no difference between learning and validation subset results (Figs 1, 2
and 3). This shows that both model structures and estimated parameter distributions allow satisfactory predic-
tions of biomarker kinetic profiles for patients independent from learning data set.

Estimation of area under the biomarker concentration versus time curve (AUC).  For CK, cTnl and CK-MB, the esti-
mations of AUC using trapezoidal rule and computed using individual model parameter estimates were highly cor-
related (R?>99%, Fig. 4) with no bias, showing that model-based computation provided similar AUC estimations.
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Figure 4. Linear correlations between model-predicted area under the biomarker curve (AUC) and trapezoidal
rule AUC for creatine phosphokinase (CK, left), cardiac troponin I (cTnl, middle) and creatine phosphokinase
muscle-brain (CK-MB). All correlation coeficients are above 99%. White and black circles are trapezoid/
model-estimated AUC of learning and validation subsets, respectively.

Univariate 0.021 0.024 0.21 0.064 0.02 0.0098
Multivariate 0.011 0.00039 0.24 0.0087 0.0064 0.000045

Table 3. P-values of association between study arm and biomarker amount. CK, creatine kinase; cTnl, cardiac
troponin I; CK-MB, creatine phosphokinase muscle-brain; GLM, association between biomarker AUC and
study arm using general linear model; NLMM, association between study arm and estimated biomarker amount
using nonlinear mixed modelling.

Association of covariates with trapezoidal rule AUC. Univariate general linear models showed that trapezoidal
rule AUC of CK and CK-MB (Table 3) were significantly associated with the conditioning therapies (p=0.021
and 0.020, respectively), while AUC of cTnl was not (p=0.21).

In learning subsets, multivariate general linear models showed that (Table 3):

« trapezoidal rule AUC of CK was significantly associated with the conditioning treatment arms and AAR
(p=0.033 and 0.00011, respectively).

 trapezoidal rule AUC of cTnl was significantly associated with AAR (p=0.00065), but not with conditioning
treatment arms (0.27).

« trapezoidal rule AUC of CK-MB was significantly associated with the conditioning treatment arms and AAR
(p=0.015and 0.000193.

Kinetic biomarker modelling had a higher power for quantification of the conditioning treatment effect on
biomarker release than trapezoidal rule AUC (Table 3). Of note, biomarker kinetic modelling approach showed
a significant influence of conditioning treatment arm on cTnl release, which was not significant using general
linear modelling.

Discussion

This study is the first to describe a simple and reliable estimation of the amounts (Bpoy) of necrosis biomarkers
(CK, cTnl, CK-MB) that are released by injured myocardium, obtained using a mathematical description of their
kinetics.

Translational research in the field of cardioprotection has been quite often unsuccessful in the past two
decades probably due to the choice of surrogate endpoints that were not relevant or difficult to measure accu-
rately. Major adverse cardiac and cerebrovascular events (MACCE) are considered the most robust endpoints.
However, evaluating the effect of a treatment on MACCE reduction after myocardial infarction in patients receiv-
ing up-to-date treatments can only be performed in large clinical trials enrolling a large number of patients.
Proof-of-concept studies often use softer endpoints such as surrogate endpoints. In acute myocardial infarction
studies the usual surrogate endpoint is infarct size reduction that can be estimated using imaging techniques and/
or necrosis biomarkers measurements but with a lack of accuracy. Our kinetic modelling provides the missing
accuracy to biomarkers assessment and this improved infarct size estimation allows a finer evaluation of the
impact of conditioning therapies than that reported in the original papers. We demonstrate that the association
between conditioning therapies and Byq is stronger than the association between conditioning therapies arm and
trapezoidal rule AUC (Table 3). In addition, our model was able to detect an association between conditioning
therapies and cTnl release (p=0.0087) whereas this association was not detected using trapezoidal rule AUC in
the original published studies (p =0.064).

SCIENTIFICREPORTS |7: 10709 | DOI:10.1038/s41598-017-11352-4 6



www.nature.com/scientificreports/

The strong similarity of results obtained in learning and validation subsets shows that our models are able
not only to describe biomarker (i.e. CK, ¢Tnl and CK-MB) kinetic data (learning subset), but also to predict
such kinetics of data, which were not involved in model building and parameter estimation. Our models should
therefore be reproducible in other studies and suitable to estimate individual kinetic parameters and AUC of bio-
markers of new patients and/or new studies without model building or parameter distribution estimation steps.

Kinetic modelling provided lower p-values for association of biomarker with conditioning therapies, AAR and
age, showing higher statistical power compared to general linear modelling (ANCOVA). This approach should
provide accurate infarct size assessment in STEMI clinical trials and may open the way to trials with reduced
numbers of subjects in a close future. In addition, these data suggest that our mathematical model is probably the
best way to determine infarct size in STEMI patients in daily practice, biomarkers assessment being available in
every single centre worldwide managing such patients. Indeed, because the amounts of released biomarkers are
correlated to infact size (Fig. 3), and provide more powerful tests than comparison of AUC, these amounts are
likely to be correlated to infarct size measured by MRI. However, future studies would be needed to quantify the
actual correlation between biomarker amounts and MRI measurements.

An interesting point is the comparison that can be made between the different necrosis biomarkers used to
estimate infarct size in these studies. For CK and even more for ¢Tnl, measurement of AAR may still be neces-
sary whatever the model used (multivariate biomarker kinetic or general linear models); however, the use of
biomarker kinetic modelling appeared to provide powerful testing of association between conditioning therapies
and CK-MB release (p = 0.0098) without the use of AAR.

The kinetics of CK-MB is described using a simpler model than CK or ¢Tnl, and the association between
estimated total CK-MB released amount (CK-MByp) and AAR is stronger (R>=0.23, p=3.8.10~°) than that
observed between CKqr or cTnlor and AAR (R?=0.095, p=0.0009 and 0.12, p=0.00027, respectively, Fig. 4).
This is consistent with a stronger association of conditioning therapies with CK-MB release compared to CK or
cTnl release, despite the lower number of subjects for CK-MB analysis, meaning that CK-MB are more accurate
than CK or cTnl for the assessment of the cardioprotective effect of conditioning therapies.

The strength of CK-MB release in assessing the effects of conditioning therapies without the need to measure
AAR may be a breakthrough in this research field as accurate assessment of AAR is almost impossible to obtain
in daily clinical practice at the acute phase of myocardial infarction. The AAR estimation performed in several
publications studying ischemic postconditioning remains questionable as it rests on data from a left biplane ven-
triculography that (i) is not routinely performed during PCI, (ii) is subjected to errors and bias while visually
estimating the abnormal contracting circumference, and (iii) increases the risk of contrast-induced nephropathy
in these already high-risk STEMI patients whose renal function is often unknown at the time of management®*2'.
Moreover, recent data regarding MRI and the assessment of AAR suggest that it may overestimate AAR when
performed after reperfusion occurred, as myocardial oedema significantly increases at the time of reperfusion.
This particular point could render more complex the interpretation of ischemic postconditioning efficacy as it
was shown to reduce myocardial oedema compared to the control group?. A recent paper from Engblom et al.
emphasized the potential of cardiac MRI in assessing both infarct size and AAR at the early phase of STEMI
and suggested that systematic use of this technology in cardioprotection studies would result in a reduction of
the number of patients needed, yet again access to this technique is still sparse?. Such an attitude would con-
fine the realization of subsequent trials to a limited number of centres, yet increasing the risk of observing a
non-generalizable population effect. In addition, they showed that the time of realization of cardiac MRI from the
onset of myocardial infarction impacts on the determination of the AAR, increasing the risk of bias and finally
the number of needed patients as compared to an ideal 100% standardized situation where all patients would
be tested on the very same day. Thus, the observed accuracy and relevance of kinetics of CK-MB in assessing
infarct size without the need to measure AAR would regenerate the use of this biomarker. CK-MB were nearly
abandoned in the past decade in favour of cardiac troponin, a change in practice determined by the demonstrated
superiority of cardiac troponin over CK-MB in acute coronary syndrome risk stratification especially in patients
experiencing minor degrees of ischemia?*?°. This demonstrated superiority led in 2000 to a new universal defi-
nition of myocardial infarction with a significant benefit on 10 years mortality rate?®. Nonetheless, if troponin
measurement is the best marker for the diagnosis of acute coronary syndrome, according to our work, it appears
less correlated to infarct size than CK-MB. This is of major importance since infarct size is considered the best
predictor of mortality after acute myocardial infarction. Our data are in keeping with real-life data published
by Chin et al. who suggested that peak CK-MB had a higher discriminative value than peak ¢Tnl in predicting
cardiac mortality?’. On the contrary, Chia et al. reported that cTnl assessed at 72 hours following primary PCI in
the context of STEMI due to LAD occlusion was the best biomarker to estimate infarct size, contractile function
and thus predict future cardiovascular events, but their series was considerably smaller than Chin’s?®. We do
not believe that the spread of hypersensitive troponins, mainly useful in an earlier identification of non-STEMI
patients, adds anything to the matter, yet we could not evaluate them in our model as they were not available at
the time of realization of the trials considered here. Recent publications suggest that copeptin may be a better
marker of myocardial ischemia than cardiac troponin, being more sensitive and earlier detectable. This is however
an indirect marker of myocardial ischemia, also increased in other situations of acute diseases, i.e. less specific
than troponin, though troponin release is not specific of myocardial necrosis. Of note, recent data suggest that
copeptin concentration also correlates with infarct size in STEMI patients®.

Last but not least, the powerful testing of association of conditioning therapies and biomarker release through
biomarker kinetic modelling is based on population compartmental analysis, an approach extensively used in
pharmacokinetic analysis. Our modelling strategy provides not only a complex yet necessary description of bio-
marker release with time, but also the quantification of the interindividual variability of biomarker kinetics. This
approach requires specific technical expertise to be implemented, but could be the basis of the development of
limited sampling strategies, where both total biomarker released amount and AUC would be determined using a
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lower number of blood samples. This point is also of major clinical importance as it has been demonstrated that
subjects participating in clinical trials with repetitive blood sampling are more prone to iatrogenic anaemia®’, and
anaemia was reported to be associated with a negative prognosis in coronary heart disease patients’" 2.

In conclusion, we demonstrated for the first time that the use of a mathematical model to describe necrosis
marker kinetics allowed simple and accurate infarct size estimations, opening the way for future cardioprotection
studies with increased power allowing reduced number of patients and reduced blood sampling. While cardiac
troponins were praised in the last decades as the gold standard for myocardial ischemia detection, CK-MB were
in our work the biomarkers with the strongest association with infarct size and consequently the best prognosis
value in STEMI patients in the global context of reduced cardiac MRI availability. Further, CK-MB was best corre-
lated with the AAR, thereby attenuating the concern related to the current absence of measurement of this major
determinant of infarct size in infarct size reduction trials. This model is likely to be a useful add-on to future
studies in the field of cardioprotection.

Methods

Patient population and data collection. Clinical trials. Data were prospectively collected in
ST-segment elevation myocardial infarction (STEMI) patients involved in four clinical trials for which local eth-
ics committees had approved the protocols (ethic committee of the Hospices Civils de Lyon for PC, PC-CsA
and PCNR and ethic committee of Angers University Hospital for RIPOST-MI) in which all patients had given
written informed consent. All studies were performed in accordance with the Declaration of Helsinki (revised
version, 1996), the European Guidelines for Good Clinical Practice (version 11, July 1990), and French laws.

PC (ischemic postconditioning) studies®* 3. The first study was a prospective, randomized, multicenter,
open-label, controlled study. It was a proof-of-concept clinical trial aiming at demonstrating the safety and effi-
cacy of ischemic postconditioning at the time of reperfusion by primary percutaneous coronary intervention
(PCI) in STEMI patients presenting within 6 hours a STEMI symptoms onset and with an occluded (TIMI 0 flow
grade) left anterior descending (LAD) coronary artery or right coronary artery without evidence of coronary
collaterals. The area at risk (AAR) was estimated using a biplane left ventricular angiography in order to measure
the circumferential extent of abnormally contracting segments (ACS)**-%¢. Thirty-three patients were included in
the study: 14 in the control group, 16 in the postconditioned group and 3 patients who were excluded according
to the prespecified exclusion criteria. Aside from the ST-segment resolution following PCI and blush grade (as
a sign of a quality reperfusion), the authors performed serial serum CK measurements with AUC calculations.

The second study evaluating the impact of ischemic postconditioning from the Ovize group was also prospec-
tive, randomized, multicenter, open-label, controlled, and used the same experimental protocol with an extended
follow-up consisting in a **!thallium single photon emission computed tomography at 6 months and a transtho-
racic echocardiography at 1 year. 38 patients were included, 21 were assigned to the control group and 17 to the
ischemic postconditioning group.

PC-CsA study®. This clinical trial from the Ovize group was a prospective, multicenter, randomized,
single-blinded, controlled study aiming at determining the effect of the mitochondrial permeability transition
pore inhibitor Cyclosporine A (CsA) on infarct size in a population of STEMI patients similar to that of the
above-described PC studies. The primary endpoint was infarct size measured by AUC of CK and cTnl, the sec-
ondary endpoint was infarct size assessed by CMR imaging performed at day 5 following acute myocardial infarc-
tion. Data were reported for 58 patients, 30 randomized in the control group and 28 in the CsA group.

PCNR study?*“0. This prospective, multicenter, randomized open-label, controlled study aimed at evalu-
ating the effect of ischemic postconditioning on no-reflow, myocardial oedema and infarct size in a popula-
tion of STEMI patients, similar to the patients included in the above-reported PC studies. The main difference
between populations was the myocardial infarction topography: as opposed to PC studies that considered only
STEMI resulting from LAD or right coronary occlusion, this PCNR study also considered patients presenting
an occlusion of the left circumflex coronary artery in case of left circulation dominance. In addition to serial
blood sampling aiming at determining infarct size using the peak and AUC of serum CK, all patients underwent
CMR imaging 48-72hours after admission for assessment of infarct size, myocardial edema and early and late
microvascular obstruction. Sixty-two patients were randomized but the authors reported the CMR results for
50 patients only as 10 patients refused to undergo CMR imaging and CMR study was uninterpretable in 2 other
patients.

RIPOST-MI study*!. This was a prospective, multicenter, randomized, open-label, and blinded-endpoint
study. It aimed at (i) determining if a remote ischemic perconditioning (RIPer) procedure, when initiated on
admission in the catheterization laboratory, would reduce infarct size in STEMI patients treated with primary
PCI within the first 6 h of symptoms onset and (ii) investigating the effect of RIPer and local ischemic postcon-
ditioning (IPost) combination in terms of infarct size reduction. A total of 55 patients were eligible for CK-MB
AUC analysis: 17 patients were allocated to the control group, 18 to the RIPer group and 20 to RIPer + Ipost. In
addition to serial blood CK-MB measurements, the AAR was determined by a left biplane ventriculography in
order to assess the circumferential extent of ACS as previously described.

In all studies, blood samples were collected prior to PCI, every 4 h in the first 24 h following PCI, and every 6 h
over the following 48 h. CK and c¢Tnl data were obtained from PC, PC-CsA and PCNR trials and were pooled for
the kinetic modelling. CK-MB levels were obtained from the RIPOST-MI study only.

Data splitting.  Data from “RIPOST-MI” trial studies, which were made of CK-MB measurements, were assessed
separately. Three full data sets, i.e. with CK, cTnI and CK-MB variables, were built. With the aim of evaluating
the predictive performances of kinetic models, data sets were randomly assigned into learning (2/3 patients) and
validation (1/3 patients) subsets. Learning and validation subsets were used for internal and external validation
kinetic models, respectively.
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Biomarker kinetic analysis. Kinetic models. The objective of kinetic analysis was to estimate the input
of biomarker released by the lesion. Kinetics of CK, CK-MB and c¢Tnl was described using models derived from
commonly used pharmacokinetic compartmental models*2. The kinetics of these biomarkers was developed and
its parameters estimated separately, i.e. separate models were used for each biomarker. These models describe
absorption, distribution, metabolism and excretion (“ADME”) steps. Using these models, drugs are described as
being distributed in a central compartment, corresponding to bloodstream and loci rapidly equilibrating with i,
and one or more peripheral compartments, corresponding to other loci, which are not immediately in equilib-
rium with central compartment.

Biomarker release. Similarly to drug absorption (i.e. the passage from absorption site to bloodstream), the
release of biomarkers by injured tissue (i.e. the passage of biomarker from tissue to bloodstream) is delayed in
time. This non-instantaneous release may be described using models that are sometimes used to describe drug
absorption. Among these models, transit absorption models** have been used to describe a delay in absorption
occurring as drugs travel through a certain number (non-integer) of “transit compartments”, as it is the case for
CsA*, mycophenolate* or rifampicin®. This transit model was already used to describe the kinetics of S100
calcium-binding protein, a biomarker used in traumatic brain injury'’. For each patient, the origin of time is set
to the first blood sample (t,) and biomarker release function f(t) is written as follows:

k. ty". ekt

o
JO == 5

where n is the number (not necessarily integer) of transit compartments, k;; is the transit rate constant, t is the
time from the first blood sample and I'(n) is gamma function. The release model R(t) may be:

o either a single transit model: R(t) = B. f(t)
« oracombination of two transit models (similarly to the absorption of mycophenolate) as follows:

R(t) = [F. £ (D) + (1 — F). B(1)] @)

where B is the input of biomarker released for t > t;, F is the proportion of biomarker amount released as
described by f(t), the first release model, and f,(t), the second release model. Both f;(t) and f,(t) are release func-
tions with n, and n, transit compartments, respectively, and k;;, and k, are their respective transit rate constants.
The parameters n and k,, (for the single release function), or n,, n,, k, k;, and F (for the combination of two
release functions) are structural parameters that had to be estimated.

The main parameter, which is the total input of biomarker released, was the sum of the biomarker already
released before t, (B,), and of the one released after t, (B). Under the assumption of homogenous distribution
of biomarkers in bloodstream, this parameter is proportional to the total amount of biomarker (Brqy), i.e.
Bror=By+B.

Biomarker distribution and elimination. One and two compartment models with first-order distribution and
elimination rate constants were tested (Fig. 1).

The mono-compartment model is written as follows:

dB
dt (3
where B is the biomarker input after t,, f(t) is the release function, k. is the elimination rate constant and k.4
zero-order (constant infusion) is the baseline biomarker production (i.e. independent from disease). Initial value
of B(0) could not be given the value of zero because biomarker release started before the first blood sample and

was B(0) = By. In this model, ko4, k. and By are structural parameters that had to be estimated.
The two-compartment model is written as follows:

R() + Kypog — koo B

dB

— = RO+ kg = (ke + k). Byt ko By (4)
dB,
—~ =k,,.B, +k,.B
I 12+ By 21- Dy (5

where B, and B, are biomarker levels in central and peripheral compartments respectively, f(t) is the release
function, k,, and k,, are the central to peripheral, and peripheral to central distribution rate constants. Initial
values B,(0) and B,(0) (non-zero) had to be estimated as typical parameters. The amount of biomarker released
before t, is By=B,(0) + B,(0). Similarly to the mono-compartment model, k;,, k,,, B,(0) and B,(0) are structural
parameters that had to be estimated.

Model development. The development of kinetic models was made on learning subset.

Population approach. Population modelling has been used to describe pharmacokinetic data since the early
70’s. If individual modelling is used to estimate the parameters of interest (e.g. the drug clearance in pharmacoki-
netics) at the “individual level’, i.e. for each individual taken separately from the others, the basic principle of
population modelling is to estimate parameters at the “population level”¥’. The main goals of population model-
ling are to determine the distribution of the values of the parameters of interest in a population and to quantify
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the influence of the individual sources of variability in this population. Using a population approach, data from
all individuals in a given population are computed simultaneously to estimate the interindividual distribution of
parameters of interest. This interindividual distribution allows the quantification of (i) the “mean” (referred as
“typical”) value of each parameter, (ii) the interindividual variability (referred as “interindividual variance”) and
(iii) the influence of individual factors on interindividual variability (referred as “covariates”).

Software. Biomarker kinetic data were analysed by a population approach using the nonlinear
mixed-effects program MONOLIX 4.3.2 software (Lixoft®, Saclay, France), which combines the stochas-
tic expectation-maximization (SAEM) algorithm and a Markov Chain Monte-Carlo procedure for likelihood
maximization. To ensure the best possible convergence, a large number of iterations (1000 for K1 and 250 for
K2) was used. K1 and K2 refer to the SAEM procedure of Monolix, called “iterative kernels” During K1, the
sequence of step sizes is constant, which allows the exploration of the parameter space. During K2, the step sizes
decrease to ensure convergence. Five Markov chains were used, and simulated annealing was used to improve the
convergence of the SAEM algorithm towards the global maximum of the likelihood. Each run was performed
three times to ensure that estimated parameters and likelihood remained stable. The random seed was changed
between each of the three runs.

Structural model design. Biomarker concentrations were described with compartmental models with transit
gamma release. One or two compartment models with first-order distribution constants were first tested. Then
models with 2, 3, 4 and 5 transit compartments were tested. Structural models were compared using Akaike’s
information criterion (AIC), defined as: AIC= OFV 4 2.p, where OFV is the value of the objective function and
p is the number of model parameters to estimate. The use of AIC is based on the parsimony principle aiming at
a satisfactory fitting of the data with a small number of parameters. The OFV was -2.In-likelihood (—2LL). The
model with the lowest AIC was selected.

Interindividual model. The interindividual variability of pharmacokinetic parameters was described using an
exponential model: 6, = 0rv. exp(n;), where 6; is the estimated individual parameter, 6y is the typical value of the
parameter and v, is the random effect for the i patient. The values of 1, were assumed to be normally distributed
with mean 0 and variance w?.

Error model. Additive, proportional and mixed additive-proportional models were tested. For example, the
combined additive-proportional model was implemented as follows: Yo, ;= Y p;j.(1 4 €prop,j) + €aqq,y Where Yo 53 and
Yy, are observed and predicted j™ marker measurements for the it patient, respectively, and Epropj AN E,qq5 are
proportional and additive errors, which are assumed to follow a Gaussian distribution with mean 0 and variances
Oprop” and 0,447, respectively.

Covariates. The influence of three individual potential factors of variability on the distribution of Byqy was
tested:

o continuous covariate: AAR (% ACS)
o discrete covariates: conditioning therapies.

o PC,PC_CsA and PCNR trials: study arm was coded as 0 (reference, control arm) or 1 (conditioned arm, i.e.
ischemic postconditioning for PC and PCNR and pharmacological postconditioning with CsA for PC_CsA)

o RIPOST-MI trial: study arm was coded as 0 (reference, control arm), 1 (remote ischemic preconditioning,
RIPer) or 2 (RIPer +local ischemic postconditioning, IPost).

The influence of a discrete covariate (ARM) on 61y was implemented as follows:
« For the reference category: ARM =0, In(8y) =1n(8,p;=0).
o For another category: In(0;y) =1n(0,ry = 0) + Bory =X, where 0, =0 is the value of 6 for the control arm,
and gy = x is the x™ value of 0 for the other category.

Area at risk was tested as follows: Oy = 0. exp(Baar-AAR), where (3, sz quantifies the influence of AAR on 6.

Model comparison and covariate selection. Interindividual, residual and covariate models are chosen by com-
paring 2 nested models, one with parameters, the difference of OFV is calculated. The difference in OFV is tested
using a likelihood ratio test (RLT), i.e. the difference of OFV is compared to a chi-square law. However, LRT tests
can be used only if the 2 models are nested, i.e. one model is a particular case of the other one. The influence of a
covariate is tested by comparing OFV's of a model including the covariate (M1) and of a model without the covar-
iate (MO). The value of OFV;; — OFV ) is assumed to follow a x? distribution and is therefore compared to a
chi-square law with one degree of freedom for a given alpha risk.

The influence of patient characteristics (covariates) was assessed in two steps:

Univariate step. The influence of each factor on pharmacokinetic parameters associated with interindividual
variability was tested. Covariates were separately included into the base model. Covariates showing a significant
influence (o < 0.1) were included in the model (full model).

Multivariate step. A backward stepwise elimination was performed: the covariates of the full model were
removed one by one. Covariates whose removal resulted in a statistically significant increase in the OFV
(< 0.01) were retained in the model. In RIPOST-MI trial, three arms were available and three values were there-
fore available for each covariate. If two categories were not significantly different, they were merged.

Model estimation of area under the biomarker concentration versus time curve (AUC).  To confirm that our pharma-
cokinetic model provides AUC estimations similar to those calculated by trapezoidal rule, individual AUCs for all
biomarkers were (i) calculated using trapezoidal rule and (ii) computed using individual model parameter estimates.
Trapezoidal rule AUC and model-computed AUC were compared using the coefficient of determination (R?).
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Model validation. Internal validation. The goodness-of-fit was assessed for each model by plotting
population-predicted (PRED) and individually predicted (IPRED) concentrations versus observed concentra-
tions (DV) and IPRED and DV versus time. Population predictions were obtained using typical parameters,
which include explained variability (i.e. population estimates and covariates), whereas individually predicted
concentrations were obtained using individual parameters, which include both explained and unexplained (i.e.
the random effects mji for each PK parameter). In addition, the goodness-of-fit was evaluated by the distribution
of residuals evaluated by graphical inspection of population (PWRES) and individual (IWRES) weighted residual
distributions, visual predictive checks (VPC). These residuals should follow a standard normal distribution (i) to
confirm a satisfactory description of the data using the model and (ii) to allow LRT tests.

External validation. This step was made to assess the predictive performances of the kinetic models. The val-
idation subset was therefore not used for parameter estimation. The interindividual distribution of parameters
determined during the model development step was used to estimate individual parameter values (kinetic param-
eters and AUC) for each patient.

Evaluation of model on validation subset was made by the goodness-of-fit procedures described above.

Association of covariates with trapezoidal rule AUC. 'The association of covariates with trapezoidal rule AUC of
CK, c¢Tnl and CK-MB was assessed using a general linear model (“analysis of covariance”, ANCOVA) in learning
subsets. Dependent variable was trapezoidal rule AUC, and independent variables were age, AAR and condi-
tioning therapy. The association of these factors with trapezoidal rule AUC was tested using Fisher F-tests. The
analysis was made using R 3.2.2 (Vienna, Austria). The general linear model and biomarker kinetic modelling
results were compared.

References

1. Braunwald, E. Myocardial reperfusion, limitation of infarct size, reduction of left ventricular dysfunction, and improved survival.
Should the paradigm be expanded? Circulation. 79, 441-444 (1989).

2. Thompson, P. L., Fletcher, E. E. & Katavatis, V. Enzymatic indices of myocardial necrosis: influence on short- and long-term
prognosis after myocardial infarction. Circulation. 59, 113-119 (1979).

3. Desch, S. et al. Cardiac magnetic resonance imaging parameters as surrogate endpoints in clinical trials of acute myocardial
infarction. Trials 12,204, doi:10.1186/1745-6215-12-204 (2011).

4. Pennell, D. J. et al. Clinical indications for cardiovascular magnetic resonance (CMR): Consensus Panel report. Eur Heart ] 25,
1940-1965, d0i:10.1016/j.ehj.2004.06.040 (2004).

5. O’Gara, P. T. et al. 2013 ACCF/AHA guideline for the management of ST-elevation myocardial infarction: a report of the American
College of Cardiology Foundation/American Heart Association Task Force on Practice Guidelines. Circulation 127, e362-425,
doi:10.1161/CIR.0b013e3182742cf6 (2013).

6. Thygesen, K. et al. Third universal definition of myocardial infarction. Eur Heart ] 33, 2551-2567, doi:10.1093/eurheartj/ehs184
(2012).

7. Hausenloy, D. . et al. Translating cardioprotection for patient benefit: position paper from the Working Group of Cellular Biology
of the Heart of the European Society of Cardiology. Cardiovasc Res 98, 7-27, doi:10.1093/cvr/cvt004 (2013).

8. Hausenloy, D. J. et al. Novel targets and future strategies for acute cardioprotection: Position Paper of the European Society of
Cardiology Working Group on Cellular Biology of the Heart. Cardiovasc Res 113, 564-585, d0i:10.1093/cvr/cvx049 (2017).

9. Le Page, S., Bejan-Angoulvant, T., Angoulvant, D. & Prunier, F. Remote ischemic conditioning and cardioprotection: a systematic
review and meta-analysis of randomized clinical trials. Basic Res Cardiol 110, 015-0467 (2015).

10. Touboul, C. et al. Ischaemic postconditioning reduces infarct size: systematic review and meta-analysis of randomized controlled
trials. Arch Cardiovasc Dis 108, 39-49 (2015).

11. Vatner, S. E, Baig, H., Manders, W. T. & Maroko, P. R. Effects of coronary artery reperfusion on myocardial infarct size calculated
from creatine kinase. J Clin Invest. 61, 1048-1056 (1978).

12. Gibbons, R. ], Valeti, U. S., Araoz, P. A. & Jaffe, A. S. The quantification of infarct size. ] Am Coll Cardiol. 44, 1533-1542 (2004).

13. Nordlander, R., Nyquist, O. & Sylven, C. Estimation of infarct size by creatine kinase. A comparison between maximal value,
planimetry and computer calculation. Cardiology 68, 201-205 (1981).

14. Roberts, R., Henry, P. D. & Sobel, B. E. An improved basis for enzymatic estimation of infarct size. Circulation. 52, 743-754 (1975).

15. You, B. et al. Advantages of prostate-specific antigen (PSA) clearance model over simple PSA half-life computation to describe PSA
decrease after prostate adenomectomy. Clin Biochem. 41, 785-795, doi:710.1016/j.clinbiochem.2008.1004.1001, Epub 2008 Apr 1011
(2008).

16. You, B. et al. Predictive value of modeled AUC(AFP-hCG), a dynamic kinetic parameter characterizing serum tumor marker decline
in patients with nonseminomatous germ cell tumor. Urology 76, 423-429 (2010).

17. Ercole, A., Thelin, E. P,, Holst, A., Bellander, B. M. & Nelson, D. W. Kinetic modelling of serum S100b after traumatic brain injury.
BMC Neurol 16, 93, doi:10.1186/s12883-016-0614-3 (2016).

18. Nunez, J. et al. Long-term serial Kinetics of N-terminal pro B-type natriuretic peptide and carbohydrate antigen 125 for mortality
risk prediction following acute heart failure. Eur Heart ] Acute Cardiovasc Care. doi:10.1177/2048872616649757 (2016).

19. Laugaudin, G. et al. Kinetics of high-sensitivity cardiac troponin T and I differ in patients with ST-segment elevation myocardial
infarction treated by primary coronary intervention. Eur Heart ] Acute Cardiovasc Care 5, 354-363, d0i:10.1177/2048872615585518
(2016).

20. Senoo, T. et al. Contrast-induced nephropathy in patients undergoing emergency percutaneous coronary intervention for acute
coronary syndrome. Am J Cardiol 105, 624-628, d0i:10.1016/j.amjcard.2009.10.044 (2010).

21. Ivanes, . et al. Predictive factors of contrast-induced nephropathy in patients undergoing primary coronary angioplasty. Arch
Cardiovasc Dis 107, 424-432, d0i:10.1016/j.acvd.2014.05.008 (2014).

22. Thuny, E. et al. Post-conditioning reduces infarct size and edema in patients with ST-segment elevation myocardial infarction. ] Am
Coll Cardiol 59, 2175-2181, doi:10.1016/j.jacc.2012.03.026 (2012).

23. Engblom, H. et al. Sample Size in Clinical Cardioprotection Trials Using Myocardial Salvage Index, Infarct Size, or Biochemical
Markers as Endpoint. ] Am Heart Assoc 4, 002708, doi:10.1161/JAHA.115.002708 (2016).

24. Hamm, C. W. et al. Emergency room triage of patients with acute chest pain by means of rapid testing for cardiac troponin T or
troponin I. N Engl ] Med 337, 1648-1653, doi:10.1056/NEJM199712043372302 (1997).

25. Ohman, E. M. et al. Cardiac troponin T levels for risk stratification in acute myocardial ischemia. GUSTO IIA Investigators. N Engl
J Med 335, 1333-1341, doi:10.1056/NEJM199610313351801 (1996).

26. Costa, F. M. et al. Impact of ESC/ACCF/AHA/WHEF universal definition of myocardial infarction on mortality at 10 years. Eur Heart
J 33, 2544-2550, doi:10.1093/eurheartj/ehs311 (2012).

SCIENTIFICREPORTS |7: 10709 | DOI:10.1038/s41598-017-11352-4 11


http://dx.doi.org/10.1186/1745-6215-12-204
http://dx.doi.org/10.1016/j.ehj.2004.06.040
http://dx.doi.org/10.1161/CIR.0b013e3182742cf6
http://dx.doi.org/10.1093/eurheartj/ehs184
http://dx.doi.org/10.1093/cvr/cvt004
http://dx.doi.org/10.1093/cvr/cvx049
http://dx.doi.org/10.1016/j.clinbiochem.2008.1004.1001
http://dx.doi.org/10.1186/s12883-016-0614-3
http://dx.doi.org/10.1177/2048872616649757
http://dx.doi.org/10.1177/2048872615585518
http://dx.doi.org/10.1016/j.amjcard.2009.10.044
http://dx.doi.org/10.1016/j.acvd.2014.05.008
http://dx.doi.org/10.1016/j.jacc.2012.03.026
http://dx.doi.org/10.1161/JAHA.115.002708
http://dx.doi.org/10.1056/NEJM199712043372302
http://dx.doi.org/10.1056/NEJM199610313351801
http://dx.doi.org/10.1093/eurheartj/ehs311

www.nature.com/scientificreports/

27. Chin, C. T. et al. Comparison of the prognostic value of peak creatine kinase-MB and troponin levels among patients with acute
myocardial infarction: a report from the Acute Coronary Treatment and Intervention Outcomes Network Registry-get with the
guidelines. Clin Cardiol 35, 424-429, doi:10.1002/clc.21980 (2012).

28. Chia, S. et al. Utility of cardiac biomarkers in predicting infarct size, left ventricular function, and clinical outcome after primary
percutaneous coronary intervention for ST-segment elevation myocardial infarction. JACC Cardiovasc Interv 1, 415-423,
doi:10.1016/j.jcin.2008.04.010 (2008).

29. Reinstadler, S. J. et al. Association of copeptin with myocardial infarct size and myocardial function after ST segment elevation
myocardial infarction. Heart 99, 1525-1529 (2013).

30. Eyster, E. & Bernene, J. Nosocomial anemia. JAMA 223, 73-74 (1973).

31. Sabatine, M. S. et al. Association of hemoglobin levels with clinical outcomes in acute coronary syndromes. Circulation 111,
2042-2049, doi:10.1161/01.CIR.0000162477.70955.5F (2005).

32. Salisbury, A. C. et al. Hospital-acquired anemia and in-hospital mortality in patients with acute myocardial infarction. Am Heart ]
162, 300-309 €303, doi:10.1016/j.ahj.2011.05.021 (2011).

33. Staat, P. et al. Postconditioning the human heart. Circulation 112, 2143-2148, doi:10.1161/CIRCULATIONAHA.105.558122 (2005).

34. Thibault, H. et al. Long-term benefit of postconditioning. Circulation 117, 1037-1044, doi:10.1161/CIRCULATIONAHA.107.729780
(2008).

35. Feild, B. ], Russell, R. O. Jr., Dowling, J. T. & Rackley, C. E. Regional left ventricular performance in the year following myocardial
infarction. Circulation. 46, 679-689 (1972).

36. Lapeyre, A. C. 3rd, St Gibson, W,, Bashore, T. M. & Gibbons, R. J. Quantitative regional wall motion analysis with early contrast
ventriculography for the assessment of myocardium at risk in acute myocardial infarction. Am Heart J. 145, 1051-1057 (2003).

37. Rigaud, M. et al. Regional left ventricular function assessed by contrast angiography in acute myocardial infarction. Circulation. 60,
130-139 (1979).

38. Rogers, W. ]. et al. Correlation of angiographic estimates of myocardial infarct size and accumulated release of creatine kinase MB
isoenzyme in man. Circulation. 56, 199-205 (1977).

39. Piot, C. et al. Effect of cyclosporine on reperfusion injury in acute myocardial infarction. N Engl ] Med 359, 473-481, d0i:10.1056/
NEJMoa071142 (2008).

40. Mewton, N. et al. Postconditioning attenuates no-reflow in STEMI patients. Basic Res Cardiol 108, 383, doi:10.1007/s00395-013-
0383-8 (2013).

41. Prunier, F. et al. The RIPOST-MI study, assessing remote ischemic perconditioning alone or in combination with local ischemic
postconditioning in ST-segment elevation myocardial infarction. Basic Res Cardiol 109, 013-0400 (2014).

42. Mould, D. R. & Upton, R. N. Basic concepts in population modeling, simulation, and model-based drug development. CPT
Pharmacometrics Syst Pharmacol 2012, 4 (2012).

43. Savic, R. M., Jonker, D. M., Kerbusch, T. & Karlsson, M. O. Implementation of a transit compartment model for describing drug
absorption in pharmacokinetic studies. ] Pharmacokinet Pharmacodyn. 34, 711-726, Epub 2007 Jul 2026 (2007).

44. Leger, F. et al. Maximum a posteriori Bayesian estimation of oral cyclosporin pharmacokinetics in patients with stable renal
transplants. Clin Pharmacokinet. 41, 71-80 (2002).

45. Premaud, A. et al. A double absorption-phase model adequately describes mycophenolic acid plasma profiles in de novo renal
transplant recipients given oral mycophenolate mofetil. Clin Pharmacokinet. 44, 837-847 (2005).

46. Wilkins, J. J. et al. Population pharmacokinetics of rifampin in pulmonary tuberculosis patients, including a semimechanistic model
to describe variable absorption. Antimicrob Agents Chemother. 52, 2138-2148, doi:2110.1128/AAC.00461-00407, Epub 02008 Apr
00467 (2008).

47. Mould, D. R. & Upton, R. N. Basic concepts in population modeling, simulation, and model-based drug development-part 2:
introduction to pharmacokinetic modeling methods. CPT Pharmacometrics Syst Pharmacol 2013, 14 (2013).

Acknowledgements
Authors did not receive any funding for this work.

Author Contributions

D.T., M.O. and D.A. were responsible for the design of the work. EP., N.M. and M.O. provided data for the work.
D.T., T.B.A. and G.P. analysed and interpreted the data. D.T. and EI. drafted the work that was revised by D.A. All
authors approved the final version of the manuscript and agreed to be accountable for all aspects of the work in
ensuring that questions related to the accuracy or integrity of any part of the work are appropriately investigated
and resolved. All persons designated as authors qualify for authorship, and all those who qualify for authorship
are listed.

Additional Information
Competing Interests: The authors declare that they have no competing interests.

Publisher's note: Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

. | jcense, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2017

SCIENTIFICREPORTS |7: 10709 | DOI:10.1038/s41598-017-11352-4 12


http://dx.doi.org/10.1002/clc.21980
http://dx.doi.org/10.1016/j.jcin.2008.04.010
http://dx.doi.org/10.1161/01.CIR.0000162477.70955.5F
http://dx.doi.org/10.1016/j.ahj.2011.05.021
http://dx.doi.org/10.1161/CIRCULATIONAHA.105.558122
http://dx.doi.org/10.1161/CIRCULATIONAHA.107.729780
http://dx.doi.org/10.1056/NEJMoa071142
http://dx.doi.org/10.1056/NEJMoa071142
http://dx.doi.org/10.1007/s00395-013-0383-8
http://dx.doi.org/10.1007/s00395-013-0383-8
http://dx.doi.org/10.1128/AAC.00461-00407
http://creativecommons.org/licenses/by/4.0/

	Revisiting myocardial necrosis biomarkers: assessment of the effect of conditioning therapies on infarct size by kinetic mo ...
	Results

	Patient population and data collection. 
	Biomarker kinetic analysis. 
	Base models for CK, cTnI and CK-MB. 
	Covariate models. 
	External validation. 
	Estimation of area under the biomarker concentration versus time curve (AUC). 
	Association of covariates with trapezoidal rule AUC. 


	Discussion

	Methods

	Patient population and data collection. 
	Clinical trials. 
	Data splitting. 

	Biomarker kinetic analysis. 
	Kinetic models. 
	Model development. 
	Model estimation of area under the biomarker concentration versus time curve (AUC). 
	Model validation. 
	Association of covariates with trapezoidal rule AUC. 


	Acknowledgements

	Figure 1 Diagnostic plots of creatine phosphokinase (CK, left), cardiac troponin I (cTnI, middle) and creatine phosphokinase muscle-brain (CK-MB) kinetic models.
	Figure 2 Prediction interval with 90% of kinetic profiles for creatine phosphokinase (CK), cardiac troponin I (cTnI) and creatine phosphokinase muscle-brain (CK-MB) kinetic models versus time.
	Figure 3 Individual parameter estimates for creatine phosphokinase (CK, top), cardiac troponin I (cTnI, middle) and creatine phosphokinase muscle-brain (CK-MB, bottom) kinetic model parameters versus conditioned arm (left) and area at risk (AAR, right).
	Figure 4 Linear correlations between model-predicted area under the biomarker curve (AUC) and trapezoidal rule AUC for creatine phosphokinase (CK, left), cardiac troponin I (cTnI, middle) and creatine phosphokinase muscle-brain (CK-MB).
	Table 1 Summary of assessed patients characteristics.
	Table 2 Parameter estimates.
	Table 3 P-values of association between study arm and biomarker amount.




