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ABSTRACT

BACKGROUND Causal machine learing (ML) provides an efficient way of identifying heterogeneous treatment effect groups
from hundreds of possible combinations, especially for randomized trial data.

OBJECTIVE The aim of this paper is to illustrate the potential of applying causal ML on the DECAAF |l trial data. We proposed a
causal ML model to predict the treatment response heterogeneity.

METHODS We applied causal tree learning to the DECAAF |l trial data as an example of real applications, identifying subgroups
that may be superior when subject to one of the treatments over the other through an easily interpretable process. For each sub-
group identified, the characteristics were summarized, and the relationship between treatment arms and risk for recurrence of
atrial tachyarrhythmia (@aTA) among subjects was assessed.

RESULTS Causal tree learning demonstrated that, among all the preablation predictors, dividing subgroups according to age,
with a cutoff of 58 years, provides the most heterogeneous subgroups in response to fibrosis-guided ablation in addition to
pulmonary vein isolation (PVI) compared with PVI alone. The difference in the risk of recurrence of aTA between 2 treatments
was nonsignificant in older patients (hazard ratio [HR] 1.06; 95% confidence interval [CI] 0.77-1.47; P = .72). However, among
the younger patients, the risk of aTA recurrence was significantly lower in the fibrosis-guided ablation group compared with
PVI-only (HR 0.50; 95% CI 0.28-0.90); P = .02).

CONCLUSION Applying causal ML on random controlled trial datasets helped us identify groups of patients that profited from
the treatment of interest in an efficient and unbiased manner.

KEYWORDS Atrial cardiomyopathy; Atrial fibrillation; Atrial remodeling; Catheter ablation; Causal machine learing
(Heart Rhythm 2025;22:3035-3041) © 2025 Heart Rhythm Society. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

Introduction have been intensively conducted and have changed the

Randomized clinical trials (RCTs) are one of the major sources guidelines in the past century. Besides, one of the major
of knowledge accumulation and guidelines in medicine. RCTs ~ uses of RCT data is to generate further hypotheses from
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secondary analyses. RCT data are usually very clean, although
sometimes not generalizable, and researchers usually appre-
ciate conducting secondary analyses of such data. Neverthe-
less, the potential of RCT data has still not been fully explored.
One good example is identifying subgroups that respond to
treatment differently in an unbiased, nonhypothesis-driven
manner. Identifying such subpopulations can provide several
benefits in personalizing clinical management and prioritizing
a treatment approach over the other. Traditional statistical
methods have long been used to analyze RCT data, focusing
on associations between treatment and outcomes through
techniques such as generalized linear models and Cox
models. These methods are well suited for straightforward,
hypothesis-driven analyses but can fall short when dealing
with complex data formats or when the hypothesis is not pre-
determined.

Causal machine learning (ML), as a group of methods that
combine causal inference from statistics with ML models, has
been developed recently and has great potential to be applied
in many scenarios to achieve the goal we discussed earlier. It
employs techniques through estimating the conditional
average treatment effect (CATE) while integrating traditional
ML models to predict the treatment response heterogeneity,
such as causal tree leaming,’ causal forests,? and double ML?
to handle complex real-world clinical data. It can consider het-
erogeneous treatment effects (HTEs) among a wide range of
variables and is of particular interest in fields such as electro-
physiology, in which predictors of outcomes, such as recur-
rence of atrial fibrillation (AF), are still not well elucidated,
especially in advanced disease such as persistent AF.

Catheter ablation (CA) has emerged as an effective treat-
ment for AF, but freedom from arrhythmia recurrence re-
mains low.>* Several ablation strategies have been
employed to individualize management of AF and to in-
crease success of ablation, especially in patients with persis-
tent AF. Despite improvements in ablation technology and
techniques as well as imaging modalities, recurrence of AF
following CA remains an issue, and pulmonary vein isolation
(PVI) is still considered the cornerstone of AF ablation. De-
layed enhancement magnetic resonance imaging (DE-MRI)
has been used to evaluate atrial fibrosis and cardiomyopa-
thy, which is known to be associated with treatment failure
and postablation recurrence
of arrhythmia.”> The level of
atrial fibrosis has also been
shown to correlate with
severity and progression of
AF disease.® The DECAAF ||
(Efficacy of LGE-MRI-Guided
HTE: heterogenous treatment Fibrosis Ablation vs Conven-
effect tional Catheter Ablation of
LA: left atrium Atrial Fibrillation) trial studied
the hypothesis that targeting
areas of fibrosis based on DE-
MRI, in addition to PVI might
improve arrhythmia outcomes
compared with PVI alone.”

Abbreviations

AF: atrial fibrillation
CA: catheter ablation

CATE: conditional average
treatment effect

ML: machine learning
PVI: pulmonary vein isolation

RCT: Randommized Clinical
Trial

However, the intention-to-treat (ITT) analysis did not find a
significant difference between the 2 treatment arms.® Other
studies showed a significant improvement in freedom from
recurrence of AF in patients who received substrate modifi-
cation in addition to PVI.” Taking these observations into
consideration, targeting extra-PV targets in persistent pa-
tients with AF remains a topic of interest and controversy.

In this study, we use the DECAAF Il trial data as an example
to illustrate how causal ML models can be applied to identify
subpopulations that benefit more from either fibrosis-guided
ablation in addition to PVI or PVI alone. To our knowledge,
this is the first paper to apply causal ML to a persistent AF
RCT in order to personalize management in this advanced
disease.

Methods
Causal machine learning

The development of a causal ML model fundamentally aims to
identify and quantify the causal relationships among vari-
ables, primarily leveraging the concept of the CATE from
causal inference from statistical theory. This methodology di-
verges from traditional ML models that aim to predict the out-
comes accurately. Instead, it focuses on estimating the CATE,
which measures the expected effect of a treatment on an
outcome variable conditional on a set of observed covariates.
Formally, the CATE for a given set of covariates X=x is
defined as follows:

() =EY(1) = Y(O)|X=x],

in which Y (1) and Y(0) represent the potential outcomes un-
der treatment and control conditions, respectively. The un-
derlying assumptions for this kind of model include the
ignorability assumption that treatment assignment is condi-
tionally independent of the potential outcomes given the co-
variates: that is, (Y(1),Y(0)) L T|X, in which T represents the
treatment and the overlap assumption that each unit has a
positive probability of receiving both treatment and control:
thatis, 0 < P(T = 1|X = x) < 1.

These 2 assumptions guarantee the appropriateness of the
results by natural hold under RCT settings but do not neces-
sarily hold for real-world data: for example, electronic health re-
cords. Thus, RCT data are a great fit for applying causal ML
methods.

Common causal ML techniques include double ML, causal
forests, causal tree learning, and so forth. They are developed
under different ML models, targeted for different purposes of
analysis. We chose causal tree learning and the DECAAF I
trial data in this study as an example to show the potential
and the power of the causal ML method on RCT trial data.

Study design

The DECAAF I trial (clinicatrials.gov NCT02529319) design
and methods have been previously described.” This substudy
aimed to examine preablation predictors that can favor
fibrosis-guided ablation over PVI-only for persistent AF treat-
ment, based on an improved primary outcome in terms of
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freedom from recurrence of arrhythmia. To achieve that, we
used an ML model—causal tree learning—to identify hetero-
geneous subgroups that respond differently to the 2 types of
ablation procedures.'®"" The whole population was randomly
split into 2 equal groups for training and validation purposes.
Details regarding the ML model and statistical analysis are
provided in the statistical analyses section.

The endpoint of the study was the first confirmed recur-
rence of any atrial tachyarrhythmia (@aTA: including AF, or atrial
tachycardia) lasting for > 30 seconds after a 90-day blanking
period, demonstrated by at least 2 consecutive 1-lead smart-
phone electrocardiographic (ECG) device tracings, or by one
positive reading on a clinical 12-lead ECG tracing, ambulatory
monitor, or if the patient underwent repeat ablation. The daily
smartphone ECGs were intended as the primary method for
assessing recurrence of arrhythmia, but clinical and ambula-
tory ECGs served as back-up methods. A core laboratory at
the University of Washington adjudicated the ECG findings.

Causal tree learning

Causal tree learning partitions the data into distinct subgroups
to estimate the CATE and finds the optimal division of the sub-
groups by minimizing the expected mean squared error
(EMSE). Thus, we provided the causal tree leaming model
with a group of variables being considered for dividing sub-
groups and let the model choose how to separate the popula-
tion to obtain the most heterogeneous groups that respond
differently to the treatment. It provides insights into HTEs while
preserving high interpretability, allowing for more personalized
interventions and broader practice. Briefly, we constructed 1
causal tree based on arandomly sampled half of the overall trial
population, whereas the other half, as validation set, further
pruned the tree obtained to preserve the generalizability of
the findings in our study. In total 29 variables of different types
were taken into consideration for the subgroup identification,
including baseline demographics, risk factors, baseline imag-
ing parameters, ablation parameters, and medications:
namely, age, body mass index, sex, congestive heart failure,
hypertension, diabetes mellitus, hyperlipidemia, history of
stroke, vascular disease, tobacco use, coronary artery disease,
history of coronary artery bypass graft, history of cardioversion,
history of failed antiarrhythmic therapy; mitral valve disease;
rheumatic fever; left atrial (LA) volume; LA fibrosis, LA
appendage volume; average impedance drop; average abla-
tion contact force; mean ablation lesion time; max ablation
temperature and max ablation power; and use of antiarrhyth-
mics, angiotensin receptor blockers, statins, aspirin, and antico-
agulants. The size of the leaves was set to be at least 15% of the
total population to avoid overfitting.

Statistical analyses

Eight hundred and fifteen patients were included in this anal-
ysis. We applied causal tree learning to identify subgroups
with substantially different HTEs.'”'" Subgroups were ob-
tained based on the results of causal tree leamning. For each
subgroup, baseline demographics were presented as mean

Causal Tree Analysis to identify subgroup of patients that respond differently to
treatment arms

Baseline demographics, risk factors and imaging parameters for different
subgroups

Univariate and multivariate Cox model to assess the relationship of different
subgroups with the primary outcome of arrhythmia recurrence

Figure 1
Summary of study analysis flow.

*+ standard deviation. Normality was assessed using the
Shapiro-Wilk test. Continuous variables were compared
among study groups using the Kruskal-Wallis test or analysis
of variance (ANOVA), according to whether the normality
assumption was violated or not. The Fisher or ¥? tests were
used to compare categorical variables among study groups.
A uni- and multivariable Cox regression model was performed
to assess the relationship between the treatment arm and risk
of aTA recurrence among the subjects for each subgroup. Co-
variates clinically relevant to aTA recurrence were adjusted in
the multivariable Cox model, including treatment arm, age,
sex, body mass index (BMI), LA volume, baseline fibrosis,
congestive heart failure, hypertension, history of stroke, to-
bacco use, mean ablation lesion time, and max ablation power.
Proportional hazard assumptions of variables are checked by
introducing interactions with time, and the violation was only
found in gender. The study flow is summarized in Figure 1.
All the analyses were conducted under R version 4.2.0 (R Foun-
dation for Statistical Computing, Vienna, Austria). Data will be
made available upon reasonable request.

Results
Study subgroups and baseline characteristics

Evaluation of 815 participants from DECAAF Il according to
the causal tree learning demonstrated that age was the
most important characteristic to separate the subpopulations,
and there were 2 major subpopulations with different re-
sponses to treatments. The subgroups could be obtained
by dividing the whole population according to age, with the
cutoff being 58 years. Out of 815 patients, 575 participants
were >58 years old, and 240 patients were younger (<58
years old). The median age of our population is 62.8 years.
In the older cohort (>58 years), 284 patients (49%) received
fibrosis-guided ablation plus PVI vs 291 (51%) who received
PVI only. In the younger cohort, 123 (51%) underwent fibrosis
guided ablation plus PVI (Figure 2), whereas 117 (49%) sub-
jects underwent PVI only. In patients <58 years old, the sub-
group of fibrosis-guided ablation had more congestive heart
failure (CHF) than the PVI-only subgroup (28.5% vs 15.4%,
P = .02). All other differences were not significant (Table 1).

Primary endpoint

The event rate for the primary endpoint focusing on recurrence
of aTA after ablation did not differ significantly between the
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815 Patients analyzed

Al-Based Causal Tree
Analysis Identifies
Optimal Age cut-off

815 Patients analyzed
240 Patients < 58 575 Patients > 58
815 Patients included in the
123 PVI + Fibrosis 117 PVIonly 284 PVI + Fibrosis 291 PVI only primary outcome analysis

Figure 2
Study groups and flow chart.

fibrosis-guided group and the PVl-only group in both the
younger and older cohort. In younger patients, the primary ef-
ficacy endpoint occurred in 36 of 123 patients (29.3%) in the
fibrosis-guided group and in 45 of 117 (38.5%) in the PVI-
only group (hazard ratio [HR] 0.73, 95% confidence interval
[CI] 0.47-1.13; P = .15) (Supplemental Figure 1). In older pa-
tients, the primary efficacy endpoint occurred in 139 of 284 pa-
tients (48.9%) in the fibrosis-guided arm and in 143/291 (49.1%)
in the PVl-only group (HR 1.03; 95% CI 0.81-1.30; P = .84).
After adjusting for covariates, the recurrence of aTA was
similar for treatment arms in older patients (HR 1.06; 95% ClI
0.77-1.47), P = .72) (Figure 3A). In contrast, recurrence of
aTA was significantly lower in the fibrosis-guided group
compared with the PVl-only group (HR 0.50; 95% Cl 0.28-
0.90); P = .02) in younger patients (Table 2, Figure 3A).
Moreover, when looking at different treatment arms, the
adjusted Cox model in the fibrosis-guided ablation, younger
age (HR 0.55; 95% CI 0.33-0.91); P = .02), female gender,

and increased LA volume were all significant predictors of
increased aTA after CA, whereas in the PVl-only arm, only
LA volume was a significant predictor of aTA recurrence
(HR 1.07, 95% CI 1.02-1.12; for every 10-mL increase; P =
.01) (Supplemental Table S1). A schematic representation
of all four Cox-analysis curves is shown in Supplemental
Figure S2.

Discussion

The results of this subanalysis of DECAAF Il trial demonstrate
that applying an ML-based algorithm, particularly causal tree
learning, allows us to identify a group of patients that might
benefit from a therapy in an unbiased fashion. In this DECAAF
Il subanalysis, patients younger than 58 years derived more
benefit from the addition of fibrosis-guided ablation than con-
ventional PVI, whereas the same did not hold true for older
patients. Younger patients who received fibrosis-guided abla-
tion were 50% less likely to have recurrence of aTA compared

Table 1 Baseline characteristics of different study groups

Age < 58 years

Age > 58 years

Characteristic number (%) MRI-guided (n = 123) PVI (n = 117) P value  MRI-guided (n = 284) PVI (n = 291) P value
Baseline fibrosis levels 17.1% (7.1) 18.3% (7 .26 19.5% (7.3) 19.2% (7.5) .64
Age (years), mean (SD) 51.2 (6.2) 50.8 (5 .40 66 3(5.7) 66 9 (5.4) 14
Female sex 13 (10.6%) 6 5 'l%) 12 3 (25.7%) 7 (26.5%) .84
Coronary artery disease 7 (5.7%) 7 (6.0%) .92 5(15.8%) 3(14.8%) 72
History of tobacco use 50 (40.7%) 50 (42.7%) 74 5 (33.5%) 110 (37.8%) .28
Mitral valve disease 5(4.1%) 7 (6.0%) .50 7 (6.0%) 8 (6.2%) 92
Hyperlipidemia 26 (21.1%) 23 (19.7%) 78 115 (40.5%) 115 (39.5%) .81
Congestive heart failure 35 (28.5%) 18 (15.4%) .02 2 (18.3%) 9 (16.8%) .64
Hypertension 59 (48.0%) 50 (42.7%) 42 183 (64.4%) 188 (64.6%) .97
Diabetes mellitus 8 (6.5%) 7 (6.0%) .87 0 (10.6%) 7 (12.7%) 42
Stroke/transient ischemic 3 (2.4%) 6 (5.1%) 27 2(11.3%) 8 (9.6%) 52
attack/ thromboembolism
Antiarrhythmic medications 60 (48.8%) 50 (42.7%) .35 134 (47.2%) 141 (48.5%) 76
Vascular disease 10 (8.1%) 10 (8.5%) 91 32 (11.3%) 29 (10.0%) .61
Coronary artery bypass graft 0 (0.0%) 1(0.9%) .30 4 (1.4%) 7 (2.4%) .38
Rheumatic fever 3(2.4%) 1(0.9%) 34 4 (1.4%) 2 (0.7%) .39
Cardioverted 101 (82.1%) 101 (86.3%) 37 241 (84.9%) 240 (82.5%) 44

Bold indicates statistically significant.

MRI = magnetic resonance imaging; PVl = pulmonary vein isolation; SD = standard deviation.
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Figure 3

Cox hazard model survival curve analysis demonstrating differences between treatment arms in patients >58 years (A) and patients <58 years (B).

with those who received conventional PVI. In contrast, older
patients had similar rates of recurrence regardless of treat-
ment strategy.

Application of causal machine learning in medicine

The current gold standard for understanding the effect of in-
terventions on clinical outcomes are RCTs. However, perform-
ing an RCT can be lengthy and difficult and requires
preliminary evidence supporting the hypothesis. Previously,
researchers resorted to secondary subanalyses for generation
of hypotheses. Traditional subanalyses are usually underpow-
ered and susceptible to many biases, such as estimation bias.
Most importantly, these analyses test only 1 hypothesis at a
time and fail to combine all factors and confounders that
may affect treatment outcomes in a comprehensive way.'”

On the other hand, causal ML methods compare multiple
treatment effects in a population comprehensively through
a data-driven fashion.'”'® Causal ML allows for a
hypothesis-free approach to study the data and variables.'*
These techniques also have the advantage of avoiding over-
fitting and maintaining valid hypothesis testing.'® Specifically,
causal ML models are especially useful when applied to RCT
data, as their purpose is to evaluate outcome effect after
administration of a certain treatment with minimum baseline
characteristics differences.'® One previous work in the field
of electrophysiology has applied causal ML on a retrospective
claims dataset and was able to identify patients with AF who
would benefit from certain types of anticoagulation.'” This
helped generate a hypothesis to test prospectively.'” Of
note applying causal ML methods on a non-RCT dataset

Table 2 Predictors of AF recurrence using multivariable Cox regression model in the 2 study groups

Age < 58 years Age > 58 years

Variable (Ref) HR [Cl 95%)] P value HR [Cl 95%)] P value
PVI + fibrosis-guided ablation 0.52 [0.28-0.90] .02 1.06 [0.77-1.47] 72
Sex (male) 0.63[0.26-1.55] 32 0.64 [0.44-0.93] .02
Left atrial volume'® 1.09 [1.001-1.18] .047 1.06 [1.02-1.10] .01
Baseline fibrosis'® 0.68 [0.43-1.07] 10 1.12 [0.89-1.42] .33
Congestive heart failure (yes) 2.05[1.10-3.82] .02 0.88[0.57-1.38] .58
Hypertension (yes) 0.64[0.33-1.22] 18 0.98 [0.68-1.40] .90
Stroke/TIA (yes) 5.71[0.63-51.9] 12 0.75[0.43-1.31] .31
Tobacco (yes) 1.59 [0.86-2.96] 14 1.01 [0.72-1.44] 93
BMI'® 1.22[0.76-1.94] 41 0.74 [0.56-0.995] .046
Mean max power'° 0.77 [0.51-1.16] 22 1.02 [1.01-1.03] .005
Mean lesion duration'® 1.05[0.69-1.61] 81 1.00[0.79-1.27] .98

Bold indicates statistically significant.

BMI = body mass index; Cl = confidence interval; HR = hazard ratio; TIA = transient ischemic attack.
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may need more careful preprocessing and in some situations
may not be valid.

In this work, we used causal tree learning on the DECAAF ||
trial data to evaluate subpopulations of persistent AF patients
that benefit from PVI + fibrosis CA to personalize manage-
ment. Advanced disease processes such as persistent AF
are very heterogeneous, and outcomes differ on an individual
level. It has been difficult to predict patients at high risk for
recurrence of AF or other clinical outcomes in the population
with persistent AF. Whereas previous studies focused on
traditional statistics, and testing a single hypothesis related
to demographics, risk factors, or imaging parameters, in this
study, we examined treatment and outcome effects of a
wide range of variables consisting of demographics, risk fac-
tors, imaging, and ablation parameters. Patients aged
younger than 58 were found to have the most benefit of un-
dergoing PVI + fibrosis ablation compared with PVI alone.

Fibrosis-guided ablation improves outcome in younger
patients

Aging leads to increased atrial fibrosis and myopathy, which
can lead to the emergence of more triggers outside the pulmo-
nary veins. This, in turn, reduces the success rates of PVl in older
patients.'®?' This age-related effect appears particularly pro-
nounced in patients with persistent or long-standing perma-
nent AF, as they seem to benefit less from CA than patients
with paroxysmal AF and less atrial fibrosis.®** Several prospec-
tive trials have been designed to test this hypothesis with
mixed results. Although most of these trials yielded negative
results,”>"%° others showed significant improvement with
substrate modification.” The ALICIA (Guided Fibrosis Ablation
for the Treatment of Atrial Fibrillation) trial examined MRI-
guided fibrosis ablation in addition to PVI alone and showed
no significant differences between the 2 strategies.”* However,
patients in the ALICIA trial had very low fibrosis levels, with 98%
of patients in Utah stages 1 and 2 of fibrosis (only 1 patient in
Utah 4 and no patients in Utah 3).2% The authors®® concluded
that the lack of atrial disease might have contributed to the
lack of superiority. In the DECAAF I population, patients had
a relatively higher baseline fibrosis (19%), making it a more suit-
able population to test the hypothesis with more ablation tar-
gets.” The main study showed no difference between both
treatment arms.® In this subanalysis, younger patients seemed
to benefit more from fibrosis-guided ablation, possibly
because of improved remodeling after the procedure. Even
though baseline fibrosis was significantly higher in older pa-
tients, recurrence in the fibrosis-guided ablation group seemed
to be driven by age, female sex, and LA volume rather than un-
derlying substrate (Supplemental Table S1). This further em-
phasizes age as an independent factor in determining
treatment success after fibrosis-guided ablation adjunctive to
PVI. A common assumption across the negative studies was
the view of atrial myopathy as a homogenous process, suggest-
ing a uniform response to ablation. The findings from this study
challenge this assumption and shed light on the variability in
treatment outcomes.

Limitations

This study is an ML-based retrospective analysis of DECAAF ||
and is not part of the intention-to-treat analysis. The trial was
not powered for this analysis. The findings of this study should
be interpreted as hypothesis generating and need to be
further confirmed in future prospective trials. In addition, the
difference was noted in adjusted analysis, and crude compar-
ison of outcomes was not statistically different between
patients <58 years of age and patients >58 years of age.
Measured confounders include CHF, which was significantly
differentially distributed in patients younger than 58 years.
The low sample size in each subgroup raises the concern for
unmeasured bias and should be kept in mind when interpret-
ing the results. Moreover, other factors, such as the under-
representation of women in the younger group, might have
induced some bias. Also, because of the limitation in the num-
ber of subjects, we are not able to address the clustering ef-
fect originating from sites in our multivariable analysis.
There were some parameters that were studied in other DEC-
AAF |l substudies such as fibrosis regionality or natriuretic
peptides that were found to determine recurrence of
arrhythmia as well but were not included in this study.”®?’
Fibrosis regionality is an inherent part of total fibrosis burden
and is therefore very dependent on the latter. Including re-
gionality along with total fibrosis would cause bias in the anal-
ysis. Moreover, fibrosis regionality is a very novel tool that may
not be applicable in many centers. For natriuretic peptides,
the analysis was done on patients without heart failure, and
so a small substudy of DECAAF II. Analyzing the effect of natri-
uretic peptides on recurrence in both patients with and
without heart failure may not be ideal and potentially biased.

Conclusion

ML causal tree analysis can help identify patients that may
benefit from a certain therapy using RCT databases. Using a
hypothesis-free approach, causal tree learning allows us to
identify variables with the highest effects on the outcome in
an unbiased fashion. In this example, on the DECAAF Il trial,
patients with persistent AF younger than 58 years of age
were shown to have a lower risk of recurrence of aTA with
fibrosis-guided ablation than with conventional PVI alone.
Further prospective evidence is still needed to confirm these
findings. The use of ML, particularly causal ML on RCT data-
sets, should be encouraged to generate potential guideline-
changing hypotheses.

Appendix

Supplementary data
Supplementary data associated with this article can be found
in the online version at https://doi.org/10.1016/j.hrthm.2025.

01.008.
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