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Abstract

Objective: Unfractionated heparin (UFH) is a widely used therapy in intensive care units (ICUs) and is associated with an
increased risk of serious adverse events or death if the therapeutic target is not reached quickly. Adjusting UFH dosage
is challenging, and no reliable algorithms exist for predicting anti-Xa levels in ICUs. This study aimed to develop and evalu-
ate machine learning algorithms to predict anti-Xa levels during UFH therapy, helping clinicians optimize dosing.

Methods: This single-center retrospective cohort study was conducted using Rennes University Hospital’s clinical data ware-
house from December 21, 2019 to November 22, 2021. Critically ill patients > 18 years on UFH, without other anticoagulants
and complete data, were included. Anti-Xa levels were classified as infra-therapeutic (<0.3), therapeutic (0.3-0.7), or
supra-therapeutic (>0.7). Models incorporated UFH rate, bolus, prior anti-Xa, kidney function, inflammation, volemic
state, extracorporeal membrane oxygenation, and bilirubinemia. Performance was assessed using the area under the
receiver operating characteristic curve (AUROC), area under the precision-recall curve (AUPRC), sensitivity, and specificity.

Results: A total of 3790 anti-Xa intervals, corresponding to 211 patients, were included in the study. Out of several machine
learning algorithms, random forest achieved the best results with an AUROC score of 0.80 [0.77;0.83], an AUPRC score of 0.61
[0.58;0.65], sensitivity of 0.56 [0.53;0.59] and specificity of 0.82 [0.82;0.82].

Conclusion: In this cohort study, machine learning-based prediction models achieved good performance for predicting
anti-Xa results during UFH therapy in an ICU setting. Further validation with prospective multicenter data is needed in
order to confirm the model’s generalizability and support its integration into clinical practice to assist clinicians in selecting
the optimal heparin dose.
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Background Methods
Continuous unfractionated heparin (UFH) is a widely used Study population

therapy for thromboembolic events, anticoagulation of
extracorporeal circuits, atrial fibrillation, arterial thrombosis
and bridging for long-term oral anticoagulation. Despite the
increasing use of low-molecular-weight heparin and direct
oral anticoagulants, UFH is still widely used in critically
ill patients because of its shorter half-life, enabling the
therapy to be stopped quickly in the case of a hemorrhagic
event.' Thus, reaching the therapeutic range is necessary to
achieve the therapeutic effect as quickly as possible and
limit the onset or progression of thrombosis, while also lim-
iting the risk of bleeding from overdose. In fact, the risk of
bleeding is higher for supra-therapeutic ranges of aPTT
(activated partial thromboplastin time),” while the mortality
rate of pulmonary embolism and the recurrence of venous
thromboembolic events decrease when the therapeutic
target of aPTT is reached quickly.** Consequently, treat-
ment with UFH relies on frequent therapeutic monitoring
and subsequent dose adjustments to ensure optimal efficacy
and patient safety. In clinical practice, UFH therapy is typ-
ically started with a bolus dose followed by continuous
infusion.” The continuous infusion rate is adjusted for
each biological monitoring result to reach the therapeutic
range.

UFH acts by binding to antithrombin (AT), enhancing its
inhibitory activity primarily against factors Ila and Xa. As
previously described,®'? the pharmacokinetic (PK) proper-
ties of UFH are influenced by kidney function, liver func-
tion, inflammation, and plasma volume.

To assess UFH’s antithrombotic effect, intensivists
widely use an anti-factor Xa assay (anti-Xa), which is less
influenced by biological factors, inflammation and infec-
tious conditions than aPTT. It is also associated with less
variability in UFH dosage and so requires fewer monitoring
tests,'® and demonstrates faster achievement of therapeutic
range.'*

To date, nomograms have been applied, taking the
weights of several factors into consideration to reach the
aPTT target.5 However, these nomograms have shown
poor accuracy in critically ill patients. To address this
issue, machine learning algorithms were developed to
include more factors, with promising results,”>”"” but
focused solely on aPTT results.

Therefore, a machine learning approach might be helpful
to predict anti-Xa results more accurately and help clini-
cians to adjust UFH dosage.

In this study, we sought to develop an explainable
machine learning prediction model for anti-Xa assay
results, after initiation of UFH, consisting of all para-
meters known to influence results and readily available
in intensive care unit (ICU) daily practice. We verified
the model’s prediction performance by applying these
models to test data.

Data was extracted retrospectively from the clinical data
warehouse'® of a tertiary teaching hospital. Patients were
enrolled if they stayed in medical, surgical or cardiac
surgery ICUs from December 21, 2019 to November
22, 2021. Anti-Xa results from patients under 18 years
(n=60), who received protamine sulfate in the
72 hours prior to the anti-Xa assay, subcutaneous unfrac-
tionated heparin or low-molecular-weight heparin in the
previous 48 hours, direct oral anticoagulants or antith-
rombin in the previous 7 days (n = 1061), with an interval
between two anti-Xa assays of less than 6 h or more than
48 h (n=760), with missing data on anti-Xa results (n =
670) or for at least one of the features after imputation (n
=1147) were excluded, leaving 3790 anti-Xa results
included in the analysis. The study was approved by
the Rennes University Hospital institutional review
board (No. 23.03) and followed the Transparent
Reporting of a Multivariable Prediction Model for
Individual Prognosis or Diagnosis (TRIPOD) reporting
guidelines."’

Outcome

The predicted outcome was the anti-Xa assay result,
considered sub-therapeutic if less than 0.3, normal
between 0.3 and 0.7 or supra-therapeutic if greater
than 0.7.

Features for prediction models

Anti-Xa activity was measured on fresh plasma, collected in
0.109 M citrate tubes, using a commercially available
chromogenic anti-FXa assay (STA Liquid Anti-Xa® from
Stago, with no dextran) and dedicated calibrators and con-
trols, on STA R Max 2°® (Stago).

We extracted data at intervals between two anti-Xa
assays spaced 6 to 48 h apart. We selected 16 features
as explanatory variables, which are routinely collected
for ICU patients: demographic features with age,
gender and body mass index (BMI) on admission, use
of extracorporeal membrane oxygenation (ECMO),
evaluation of kidney function with urine output, creatini-
nemia and use of renal replacement therapy (RRT) during
the interval, evaluation of inflammation with fibrinogen-
emia, evaluation of distribution volume with hemoglobi-
nemia and hematocrit, bilirubinemia, unfractionated
heparin dose administered during the previous and
current intervals, unfractionated heparin boli adminis-
tered during the interval, anti-Xa result at the interval
start and interval duration.
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Data preprocessing

Outlier data boundaries were evaluated for each feature by
two clinicians (BD, AM) (Supplemental Table 1). Urine
output and UFH boli were summed over the intervals, the
other continuous variables were meaned over the intervals.
Patients with missing data for demographic features and
unfractionated heparin rates were excluded for the intervals
concerned. Missing data on laboratory tests results were
imputed using linear interpolation, which was chosen for
its ability to maintain temporal continuity and handle time-
series data where trends are typically gradual. More
complex methods, such as k-nearest neighbors, were not
used due to the relatively small dataset size and the risk
of introducing biased data. Continuous variables were
normalized, categorical variables were transformed with
one-hot encoding, and right-skewed distributed variables
were log-transformed and normalized. Examples of data
transformations are shown in Supplemental Figure la
and b.

Machine learning algorithms

The following six machine learning algorithms were used to
build the classification models: random forest, linear
support vector machine (SVM), radial basis function
kernel support vector machine (RBF SVM), eXtreme gradi-
ent boosting trees (XGB), neural network and penalized
logistic regression.

A decision tree is an algorithm that splits data into
multiple subsets, creating a tree-like structure whose
nodes split the data using feature cutoffs and leaves
contain predictions. Random forest uses a system of
voting between an ensemble of decision trees, where
each decision tree is trained on different subsets with
different features. Like random forest, gradient boosting
trees consist of an ensemble of decision trees, but while
random forest trains each tree independently, gradient
boosting trains the trees sequentially, minimizing the
errors of the previous ones. SVM algorithms split the
data with a hyperplane with a maximum margin
between the data points and the hyperplane. The best
hyperplane is the decision boundary. For non-linear
problems, certain transformations, called kernels, are
used to add dimensions and solve them. Radial basis
function is one possible kernel used for SVM.
Penalized logistic regression is an algorithm that
assigns coefficients to each feature and makes predic-
tions through a sigmoid function. Neural networks,
modeled loosely on the human brain, create a network
with multiple nodes that are densely interconnected
and arranged into layers. Each node contains a weight
value and is activated or disabled using an activation
function. Lastly, in the final layer the “most activated”
node is the model’s prediction.

The hyperparameters used in the grid search are
shown in Supplemental Table 2. Latin hypercube sam-
pling, a space-filling method, was used for the grid
search. This method was chosen for its ability to effi-
ciently explore a high-dimensional hyperparameter
space, compared to traditional grid search, which can
be computationally expensive and redundant in sampling
similar points. An example is shown in Supplemental
Figure 2. The default values were used for the other para-
meters. Ten-fold stratified cross-validation was per-
formed to assess model performance and select the best
hyperparameters.

Training, cross-validation and testing

We used 70% of the data to train the classification models
through 10-fold stratified cross-validation. The remaining
30% of data was reserved to test the predictive ability of
the resulting classification models. The hyperparameters
were selected based on the best area under the receiver oper-
ating characteristic curve (AUROC) score. The trained clas-
sifier models calculated three class probabilities for each
patient (sub-therapeutic, normal, and supra-therapeutic
classes). Our data set was imbalanced owing to the relative
rarity of the supra-therapeutic class. To address this issue,
case weights were assigned to the observations® to give
equal total weight to each class. Case weights were available
only for penalized logistic regression, random forest and
XGB algorithms. We did not use any method to calibrate
our models.

Performance evaluation

To evaluate the models’ discrimination performance, we
calculated the AUROC, the area under the precision-recall
curve (AUPRC), accuracy, F1 score, sensitivity, and speci-
ficity. Given the multiclass issue, overall AUROC values
were calculated using the Hand and Till method,?! and
overall AUPRC values were calculated using a macro aver-
aging method. Calibration plots were used to evaluate the
models’ calibration performance.

Statistical analysis

Continuous variables are presented as medians [inter-
quartile ranges]. Categorical variables are presented as
numbers [percentages]. Wilcoxon tests were used to
compare numerical variables, and Fisher’s exact tests
were used to compare categorical variables. The statis-
tical analyses were performed using R version 3.6.0
(The R Group for Statistical Computing, Vienna,
Austria). All p values of less than 0.05 were considered
significant.
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Table 1. Baseline characteristics of the study cohort.

Gender

Male

Female
Age-vyears
BMI-kg.m™?
Unit

Surgical ICU

Medical ICU

Cardiac surgery ICU
Chronic kidney disease
Ischaemic heart disease
Diabetes mellitus
Atrial fibrillation
Chronic dialysis
CoPD
Cirrhosis
SOFA-respiration (/4)
SOFA-coagulation (/4)
SOFA-liver (/&)
SOFA—circulatory (/4)

SOFA-central nervous
system (/4)

SOFA-kidney (/&)
SOFA-total (/24)

Mechanical ventilation at
ICU admission

Mechanical ventilation
during ICU stay

417 (68)
198 (32)
63.0 (51.0-71.0)

26.5 (23.1-30.3)

304 (49)
190 (31)
121 (20)
121 (20)
108 (18)
105 (17)
86 (14)
72 (12)
60 (9.8)
30 (4.9)
1(0-2)
0 (0-1)
0 (0-0)
4 (0-4)

4 (1-4)

1(0-3)
11 (8-13)

333 (54)

478 (78)

224 (78)

62 (22)

65.0 (52.0-71.8)

26.9 (23.7-30.9)

114 (40)
104 (36)
68 (24)
38 (13)
58 (20)
62 (22)
46 (16)
16 (5.6)
25 (8.7)
21 (7.3)

2 (0-3)

0 (0-1)

0 (0-0)

4 (1-4)

4 (4-t)

1(0-2)
11 (8-13)

184 (64)

263 (92)

(continued)

Table 1. Continued.

ECMO at admission 52 (8.5) 41 (14)

ECMO during ICU stay 89 (14) 69 (24)

Length of stay—days 10.1 (4.1-21.4)  16.3 (8.6-31.1)

Number of UFH episodes 1(1-1) 1.0 (1-1)

Number of anti-Xa assays 6 (2-14) 7 (3-16)

Data are median (Q1-Q3) for continuous variables and number (%) for
categorical variables.

Definition of abbreviations: BMI, body mass index; COPD, chronic obstructive
pulmonary disease; ICU, intensive care unit; SOFA, sequential organ failure
assessment; ECMO, extracorporeal membrane oxygenation; UFH,
unfractionated heparin

Results

Baseline characteristics

The study cohort included 3790 anti-Xa intervals corre-
sponding to 211 patients (165 male patients [78%];
median [Q1-Q3] age 66.0 [54.0-72.0] years; median
BMI 27.6 [23.8-31.2] kg.m™) and 286 ICU stays
(Table 1, Supplemental Table 3 and Figure 1). During
their ICU stay, the median admission sequential organ
failure assessment (SOFA) score was 11 [8-13], 92%
patients were on mechanical ventilation and 24% patients
were treated with ECMO. The length of ICU stay was 16.3
[8.6-31.1] days. All the anti-Xa intervals were divided into
a training set (2652 intervals, corresponding to 279 ICU
stays) and a test set (1138 intervals, corresponding to 224
ICU stays) by random allocation. Table 2 and Supplemental
Table 4 show the distribution of features between the two
sets. No statistically significant difference was found.

Comparison of machine learning algorithms in
cross-validation

Figures 2 and 3 show the receiver operating characteristic
(ROC) and precision-recall (PR) curves for the six
machine learning algorithms. Out of all the algorithms,
XGB and penalized logistic regression achieved the
highest mean AUC score in the ROC curve analysis
(XGB 0.79 [0.76-0.82]; penalized logistic regression 0.79
[0.77-0.81]), and penalized logistic regression, random
forest and neural network achieved the highest mean
AUC value in the PR curve (penalized logistic regression
0.57 [0.54-0.60]; random forest 0.57 [0.55-0.59]; neural
network 0.57 [0.55-0.58]).
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‘ Screened anti-Xa intervals | n = 7488

Age <18 y-old | n= 60

‘ Intervals | n = 7428

Protamine sulfate < 72 hours | n=376
SC UFH <48 hours |[n=14

LMWH < 48 hours | n =572
DOACs <7 days |n=17
Antithrombin < 7 days | n = 82

‘ Intervals | n = 6367

Missing data on anti-Xa | n = 670
Interval <6 hor >48 h | n="760

‘ Intervals | n =4937

Missing data on UFH | n =182 ‘

‘ Intervals | n =4755

Missing data on other features | n = 965 ‘

‘ Included intervals | n = 3790

Figure 1. Diagram flowchart. SC UFH, subcutaneous unfractionated heparin; LMWH, low-molecular weight heparin; DOACs, direct oral

anticoagulants; UFH, unfractionated heparin.

Comparison of machine learning algorithms in the
test set

Out of all the algorithms, random forest and XGB achieved the
highest mean AUC in the ROC curve (random forest 0.80
[0.77-0.83]; XGB 0.80 [0.76-0.83]), and random forest
achieved the best AUC in the PR curve (0.61 [0.58-0.65]).
Neural network achieved the best accuracy (0.74 [0.71-0.76])
and the best F1 score (0.76 [0.73-0.78]). Supplemental
Table 5 shows the contingency tables, Supplemental Table 6
shows the global metrics, Supplemental Tables 7 and 8 show
the AUROC and AUPRC of the models.

Evaluation of calibration

Supplemental Figure 3a and b shows the calibration plots
for the six machine learning algorithms. Overall, calibration
is good in the Infra-therapeutic vs. others and Normal vs.
others outcomes, while low for the Supra-therapeutic vs.
others outcome.

Feature importance

Feature importance was available only for the penalized
logistic regression, random forest and XGB algorithms.
The most important features are the UFH rate during the
current interval, the UFH rate before the current interval
and the start-of-interval anti-Xa (Supplemental Figure 4).
The random forest model uses the different features in a
balanced way.

Distribution of anti-Xa results

Supplemental Figure 5 shows the distribution of anti-Xa
results in the whole cohort when the anti-Xa target is
between 0.3 and 0.7. Forty-nine percent of anti-Xa results
are under 0.3, classifying them as infra-therapeutic.
Supplemental Figure 6 shows the distribution of the first
anti-Xa result in the whole cohort when the anti-Xa target
is between 0.3 and 0.7. Fifty-four percent of anti-Xa
results are under 0.3.
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Table 2. Comparison of features between train and test sets.

Gender 0.91
Male 219 (78) 176 (79)
Female 60 (22) 47 (21)
Age—years 65.0 (52.0-71.5) 64.0 (51.0-70.0) 0.56
BMI—kg.m_2 26.9 (23.7-30.9) 26.9 (23.6-30.9) 0.73
Unit 0.50
Surgical ICU 109 (39) 78 (35)
Medical ICU 104 (37) 83 (37)
Cardiac 66 (24) 62 (28)
surgery ICU
SOFA-total (/24) 11 (8-12) 11 (8-12) 0.61
Mechanical 256 (92) 208 (93) 0.52
ventilation
during I1CU
stay
ECMO during 67 (24) 63 (28) 0.28
ICU stay
Length of stay— 16.3 (8.8-31.5) 18.6 (10.1-34.1) 0.20
days
Anti-Xa-UI.L™*  0.29 (0.17-0.40) 0.30 (0.18-0.40) 0.83
Interval duration 15.1 (11.0-19.1) 13.5 (10.3-18.8) 0.089

—hours

The features are calculated at the ICU stay level.

Data are median (Q1-Q3) for continuous variables and number (%) for
categorical variables.

Statistical analyses were Wilcoxon rank sum test for continuous variables
and, Pearson’s Chi-squared test for categorical variables.

BMI: body mass index, ICU: intensive care unit, SOFA: sequential organ
failure assessment, ECMO: extracorporeal membrane oxygenation, UFH:
unfractionated heparin.

Evaluation of models without start-of-interval
anti-Xa

Models trained without the start-of-interval anti-Xa feature
still perform well, with an AUROC of 0.77 [0.74-0.81] and

an AUPRC of 0.59 [0.54-0.63] for the random forest model
in the test set.

Evaluation of the subgroup without ECMO

Models trained in the subgroup after exclusion of patients
with ECMO therapy showed similar results, with the
random forest model achieving the best results, yielding
an AUROC of 0.80 [0.76-0.83] and an AUPRC of 0.61
[0.56-0.64] in the test set.

Discussion

The purpose of this study was to develop a machine
learning-based system able to predict the anti-Xa range
with readily available features. Out of several machine
learning algorithms tested, random forest showed a com-
paratively better prediction performance. It was able to
predict the anti-Xa range with an overall AUROC score
of 0.80 [0.77-0.83], an overall AUPRC score of 0.61
[0.58-0.65], accuracy of 0.71 [0.68-0.73], a F1 score of
0.57 [0.53-0.61], and good calibration. These models
could serve as clinical decision support systems, assisting
clinicians in selecting the UFH dose most likely to
achieve the targeted anti-Xa range as quickly as possible.

As expected, the UFH rate during the current interval,
the UFH rate before the current interval and the
start-of-interval anti-Xa were the most useful features,
while less used features were gender, renal replacement
therapy, and ECMO. However, models do not rely only
on the start-of-interval anti-Xa, as evidenced by results
achieved by models trained without this feature.

Surprisingly, the UFH bolus data was not often used by
the algorithms for which feature importance was available.
This may be due to the fact that UFH boli are rarely used
and some bolus data may be lacking.

Heparin resistance, often caused by acquired antithrom-
bin (AT) deficiency, is a known complication in ECMO
patients.”? Since antithrombin is essential for UFH efficacy,
patients with low AT levels are less responsive to standard
UFH doses, making it difficult to predict the anti-Xa range
in these cases. In our study, ECMO patients were excluded
from the sub-analysis to ensure that the model’s perform-
ance was not compromised, as our models do not incorpor-
ate antithrombin levels. Future research should aim to
integrate antithrombin levels, to improve the model’s
ability to predict anti-Xa levels in this specific population.

Several studies have already developed machine learn-
ing models to predict aPTT in ICU settings'>~'""** using
the publicly-available MIMIC-II or MIMIC-III databases.
However, to our knowledge, our study is the first to focus
on the anti-Xa assay as an outcome measure in critically
ill patients. Indeed, all these studies focused on the first
aPTT result after initiation of UFH therapy, and found
similar accuracy to our study. Interestingly, the algorithms
with the best performance differed between the studies
despite using the same database. Moreover, they did not
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Figure 2. Receiver operating characteristic (ROC) curves of models on training (2a) and test (2b) sets. SVM, support vector machine; RBF
SVM, radial basis function kernel support vector machine; XGB, extreme gradient boosting.

collect data on concomitant anticoagulant interactions,
inflammation markers, interactions with ECMO or RRT.
Some of these studies used reinforcement learning
methods, making the results difficult to compare.

Anti-Xa is a more costly but more reliable assay than
aPTT for assessing the concentration of unfractionated
heparin in the blood, especially in critically ill patients,
where the correlation between aPTT and anti-Xa is poor.>**

Raschke’s algorithm,” based solely on patient weight,
has been used worldwide since 1993. However, as UFH
is influenced by many parameters, especially in critically
ill patients, more complex models are needed, taking into
account these parameters. Thus, the accessibility of big
data and the development of machine learning algorithms
could be useful for building reliable models.”®

Nemati et al.'® developed an interesting approach using a
reinforcement learning (RL) algorithm. In fact, RL is
well-suited for the medication dosing problem given the
sequential nature of clinical treatment, where multiple treat-
ment decisions are performed without immediate knowledge
of effectiveness. The other supervised machine learning algo-
rithms predict an immediate result, without considering the

longer term results, which makes prediction difficult when
there is no strictly one-to-one correspondence between actions
and outcomes. Markov decision processes combined with
RL techniques can take these long-term effects into account.
Some studies have used population pharmacokinetics/
pharmacodynamics (PK/PD) models to predict hemostatic
tests,”’*® revealing interesting results with a two-
compartment model. These two studies involved patients
undergoing surgery with a cardiopulmonary bypass.
Certain limitations should be acknowledged. First,
because this was a single-center study, the results cannot
be generalized to other hospitals. In addition, our sample
size is small and may affect the accuracy of our algorithms.
However, the single-center design ensured good perform-
ance with prediction models adapted to our population.
To apply our model to clinical practice, predictive accuracy
should be verified using a prospective external validation
set and the optimal cutoff value investigated. Second, we
used retrospective data. Thrombotic and hemorrhagic
events were not available but would have been interesting
to assess. Third, our models require the start-of-interval
anti-Xa value and are therefore not suitable for predicting
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Figure 3. Precision-recall (PR) curves of models on training (3a) and test (3b) sets. SVM, support vector machine; RBF SVM, radial basis
function kernel support vector machine; XGB, extreme gradient boosting.

the correct dose on initiation of UFH therapy. Finally, our
dataset was imbalanced due to the relative rarity of the
supra-therapeutic class, which was influenced by the small
sample size. Although we applied case weights to mitigate
the impact of this imbalance, the models still have limited
performance in predicting supra-therapeutic outcomes.

Conclusion

In this study, the machine learning models achieved good per-
formance in predicting anti-Xa results during UFH therapy
using routinely available features. Further validation with pro-
spective multicenter data is needed to confirm the model’s
generalizability and facilitate its integration into clinical prac-
tice, helping clinicians select the optimal heparin dose and

RL Reinforcement Learning

RRT Renal replacement therapy

SOFA Sequential Organ Failure Assessment

SVM Support vector machine

TRIPOD Transparent Reporting of a Multivariable Prediction
Model for Individual Prognosis or Diagnosis

UFH Unfractionated heparin

XGB eXtreme gradient boosting trees

reduce the risks associated with UFH

therapy.Abbreviations

aPTT Activated partial thromboplastin time

AT Antithrombin

AUPRC Area under the precision-recall curve

AUROC Area under the receiver operating characteristic
curve

BMI Body mass index

ECMO Extracorporeal membrane oxygenation

ICU Intensive care unit

PK Pharmacokinetic

PK/PD Pharmacokinetics/Pharmacodynamics

PR Precision-Recall

RBF SVM  Radial basis function kernel support vector machine
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