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Abstract

Objective: The phenotypic heterogeneity and complex disease trajectory complicate the ability to predict specific clinical
milestone for individual patients with amyotrophic lateral sclerosis (ALS). Here we developed individualized prediction mod-
els to estimate the time to the loss of autonomy in swallowing function.

Methods: Utilizing the Pooled Resource Open-Access ALS Clinical Trials (PRO-ACT) database, we built three models of distinct
time-to-event prediction algorithms: accelerated failure time (AFT), cox proportional hazard (COX) and random survival for-
est (RSF) for an individualized risk assessment of the swallowing milestone. The target variable was defined as the time to a
decline in the ALSFRS-R swallowing item score to 1 or below, indicating a need for supplementary tube feeding.

Results: Internal cross-validation revealed the median concordance index (C-index) of 0.851 (IQR, 0.842–0.859) for AFT, 0.850 (0.841–
0.859) for COX and 0.846 (0.839–0.854) for RSF, and all models demonstrated good distributional calibration with predicted and
observed event probabilities closely matched across different time intervals. For external validation with a registry dataset with char-
acteristics different fromPRO-ACT, the discriminative powerwas replicatedwith comparable C-indices for allmodels,whereas the cali-
bration revealed a left-skewed distribution suggesting a bias towards overestimation of event probabilities in real-world data.While all
models were effective at stratifying patients, the results of RSFmodel, unlike AFT and COX,did notmatchwell with the KM curves of the
corresponding risk groups, supporting the importance of nuanced understanding of data structure and algorithmic properties.

Conclusion: Our models are implemented into a web application which could be applied to individualized counselling, man-
agement and clinical trial design for gastrostomy intervention. Further studies for model optimization will advance perso-
nalized care in patients with ALS.
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Introduction
Amyotrophic lateral sclerosis (ALS) is a fatal neurodegen-
erative disease, characterized by progressive degeneration
of motor neurons leading to muscle weakness, atrophy,
spasticity and ultimately death typically in 3–5 years after
symptom onset, unless respiratory support is provided.1,2

One of the most common and debilitating symptoms in
ALS is swallowing difficulty, with a reported cumulative
incidence of up to 92%.3 It can lead to potentially life-
threatening complications such as dehydration, malnutri-
tion, asphyxia and aspiration pneumonia.3,4 Thus, proper
evaluation of swallowing function is crucial in ALS care
for preventing complications, maintaining nutrition and
ultimately improving the patient’s quality of life. For
patients with severe dysphagia, intervention by gastrostomy
tube insertion has been shown to significantly prolong sur-
vival and improve quality of life.5–7

Timely identification of the need for gastrostomy is
crucial in advanced care planning, facilitating patient pre-
paredness for forthcoming transitions and the preservation
of autonomy for the maximal feasible duration. Nonetheless,
determining the optimal timing for gastrostomy is a challen-
ging process which involves an integrated evaluation of phys-
ical determinants such as nutritional status, and respiratory and
swallowing functions, in addition to the social and psycho-
logical impacts of the intervention.8,9 This challenge is
further compounded by the broad phenotypic heterogeneity
and variable trajectories of disease progression among
patients. To date, research efforts have been largely focused
on identifying prognostic factors at the group level, an
approach that may not afford precise predictions for individual
patients.10,11

Machine learning (ML) approach is particularly adept
at building predictive models capable of navigating the
complex and nonlinear relationships among variables—a
task where traditional statistical methods may falter.
These models also inherently possess capability to
enhance their predictive accuracy iteratively through con-
tinuous training with new data. While a previous study has
demonstrated the potential of ML for individualized sur-
vival prediction in ALS,12 there is still a significant gap
in exploratory efforts to employ ML for predicting specific
clinical milestones including the loss of autonomy in swal-
lowing function.

In this study, we aimed to develop an individualized pre-
diction model to estimate the time to the loss of autonomy
in swallowing function, leveraging the comprehensive large
dataset from the Pooled Resource Open-Access ALS
Clinical Trials (PRO-ACT) database.13 Further, we inte-
grated the predictive models into a web application
designed to estimate the critical milestone to facilitate a per-
sonalized and informed decision-making for gastrostomy
intervention in ALS patients.

Methods
The study workflow is outlined in Figure 1. We developed
individualized prediction models to estimate the time to
reach the loss of autonomy in swallowing function in
ALS patients, employing three different time-to-event algo-
rithms: accelerated failure time (AFT), cox proportional
hazards (COX) and random survival forest (RSF). For train-
ing and internal validation of the models, the PRO-ACT
database was used. The target variable was defined as the
time to a decline in the revised ALS Functional Rating
Scale (ALSFRS-R) swallowing item score to 1 or below,
indicating a need for supplementary tube feeding. The
ALSFRS-R is a standard instrument for evaluating the func-
tional status of patients with ALS, consisting of 12 items
(speech, salivation, swallowing, handwriting, eating
motion, dressing and hygiene, turning in bed and adjusting
bed clothes, walking, climbing stairs dyspnea, orthopnea
and respiratory insufficiency) in 4 domains (bulbar, gross
motor, fine motor and respiratory) with each item scored
between 4 (not affected) and 0 (worst).14 Within the
initial 3 months post-enrollment, predictive features were
extracted and refined using embedded feature selection
methods for each algorithm: lasso regularization in AFT
and COX and permutation-based feature importance in
RSF. Subsequently, the models were externally validated
with data sourced from a tertiary referral center (Seoul
National University Hospital, SNUH ALS/MND
Registry), providing a real-world assessment of their pre-
dictive accuracy.

Study population

Data for training predictive models were sourced from the
PRO-ACT database. The data available in the PRO-ACT
Database have been volunteered by PRO-ACT
Consortium members. PRO-ACT Dataset is the world’s
largest ALS clinical trial data repository, compiling
placebo and treatment-arm data from 29 phase II/III clinical
trials and 11,675 fully anonymized longitudinal Subject
records funded by The ALS Therapy Alliance, Prize4Life,
Inc., Northeast ALS Consortium (NEALS), Neurological
Clinical Research Institute of Mass. General Hospital,
ALS Finding A Cure and The ALS Association.
Neurological Clinical Research Institute of Mass. General
Hospital created and maintained the PRO-ACT Dataset
and serves as the coordinating center and data distributor
of the PRO-ACT Dataset. The database comprehensively
features a range of clinical measurements across 17 categor-
ies, including adverse events, ALSFRS, concomitant med-
ications, demographics, El Escorial criteria, family history,
forced vital capacity (FVC) and others. We accessed the
PRO-ACT database, which was last updated in August
2022, ensuring the use of the most current data available
(https://nctu.partners.org/proact).

2 DIGITAL HEALTH

https://nctu.partners.org/proact
https://nctu.partners.org/proact


Figure 1. Overview of study workflow. (1) Patient selection. Within the PRO-ACT database, a subset of 3396 patients were selected, based
on the presence of relevant predictive features and target variable data. (2) Data preprocessing. Both static (e.g. age, gender) and
time-varying features (e.g. ALSFRS-R scores, weight, FVC) were extracted along with target variable data, and integrated into a
comprehensive dataset where missing values were imputed using the Bayesian Ridge estimator, a multivariate imputation method. (3)
Model construction. Three distinct predictive models were developed, each utilizing a unique algorithmic framework: AFT, COX and RSF. To
optimize the predictive capability of the models, we employed embedded feature selection methods allowing for a tailored refinement of
predictive features for each algorithm. (4) Evaluation of model performance and external validation. The predictive models underwent
internal validation through the assessment of the concordance index (C-index) and distributional calibration (D-calibration) measures.
Their generalizability was subsequently evaluated using an external dataset from a tertiary center ALS clinic registry.
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Weselected the records of 3396 patients from the database,
according to the criteria based on the completeness of each
participant’s records for demographics, ALS history and
ALSFRS-R. We excluded participants with incomplete or
erroneous data entries, and the cases where the target event
occurred either prior to or within the first 3 months following
enrollment. For external validation, we utilized data from the
SNUHALS/MND registry, which included the patients regis-
tered from April 2017 through September 2022. The diagno-
sis of ALS was established based on the revised El Escorial
criteria.15 The inclusion criteria for our analysis were as
follows: patients were required to have a diagnostic certainty
level of at least clinically probable laboratory supported ALS,
and three or more complete ALSFRS-R records with at least
one of these records obtained a minimum of 3 months post
their enrollment in the registry. Excluded were those patients
who got gastrostomy or reached the target event either prior to
or within the first 3 months following their registry
enrollment.

Feature extraction and preprocessing

From the selected patient records, we extracted a set of fea-
tures potentially related to the target variable. These included
demographics (age, gender), ALS history (onset region, time
from symptom onset, time since diagnosis), all ALSFRS-R
item scores, FVC, blood creatinine level and body weight.
Age was categorized into 5-year intervals, and the onset
region was dichotomized into bulbar and nonbulbar categor-
ies. Diagnostic delay, defined as the time elapsed from
symptomonset to diagnosis,was introduced as ameta-feature.
For time-varying features such as ALSFRS-R, FVC, blood
creatinine level and body weight, we calculated mean
values and estimated slope values over the initial 3-month
period. The slope values, representing the rate of change
during this time frame, were determined using linear regres-
sion. To ensure the reliability of the slope estimation, we
required a minimum of two data points spaced at least 1.5
months apart. We excluded the features with more than
40% missing data across patient records. To address remain-
ing missing values, we employed a multivariate imputation
method with the Bayesian Ridge estimator which models
the target variable’s probability distribution during training,
effectively handling scenarios with sparse data.16

Model construction

We developed three distinct predictive models, each
employing a different algorithmic approach: AFT, COX
and RSF models. The AFT model, chosen for its parametric
nature, assumes that the effect of covariates is multiplicative
on the time scale of an event.17 In the AFT framework, the
Weibull distribution was used to model the relationship
between covariates and the log of event time, as it can
accommodate various hazard function shapes over time.

Unlike AFT, the COX model is a semi-parametric approach
that does not assume a specific parametric form for the
event time, but instead estimates how covariates impact
the hazard ratio which is assumed to be constant over
time.18 The RSF is an extension of the Random Forest algo-
rithm for survival analysis, combining predictions from
multiple decision trees constructed using a random subset
of features taking into account censored observations.19

As a nonparametric method, it does not require any assump-
tions about the form of the hazard function or the distribu-
tion of the event time, thus providing even greater flexibility
in modeling complex nonlinear relationships between cov-
ariates and the event outcome, although it is generally less
interpretable and computationally intensive especially with
large datasets.

The initial stage in constructing our predictive models
involved hyperparameter optimization using grid search.20

This method systematically explores a range of parameter com-
binations to identify the most effective setting for each model
(Supplemental Information for Details). Subsequently, we
refined feature selection using embedded methods which are
particularly advantageous as they integrate feature selection
seamlessly into the model training process.21 This approach is
instrumental in managing overfitting and computational com-
plexity. For the AFT and COX models, we utilized the Least
Absolute Shrinkage and Selection Operator (LASSO) tech-
nique, which minimizes a cost function combining the least
squareserrorwith anL1normpenalty term(λ||β||1) on the regres-
sion coefficients (β).22 The LASSO cost function can be formu-
lated as:

∑N
i=1

Yi −
∑p
j=1

Xij βj

( )2

+ λ
∑p
j=1

βj

∣∣∣ ∣∣∣

where N is the number of datapoints, p is the number of
features and λ is a tuning parameter controlling the strength
of the regularization. LASSO selectively shrinks certain
coefficients towards zero, effectively blending feature
selection with penalized regression. In the RSF model,
feature selection was conducted using a permutation-based
feature importance method. This method evaluates the sig-
nificance of each feature on the model’s predictive accuracy
by measuring changes in accuracy when each feature’s
values are permuted.23 The concordance index (C-index)
was employed as the scoring function to assess permutation
importance in the RSF model.

Evaluation of model performance

We evaluated the performance of predictivemodels in terms of
both discrimination and calibration. Discriminative perform-
ance was quantified using the Harrell’s concordance index
(C-index) which is an extension of the area under the receiver
operating characteristics (ROC) curve (AUC) adapted for
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censored data, and evaluates themodel’s performance in accur-
ately ranking pairs of subjects by their predicted risk.24 A
higher C-index signifies a model’s enhanced ability to distin-
guish subjects who experience the event earlier from those
who experience it later or not. The C-index is 0.5 for random
guessing which can be considered as an implicit reference.
For internalvalidation, afivefoldcross-validation (CV)proced-
ure, repeated 10 times, was utilized to estimate the C-index for
the predictivemodel using adataset not involved in themodel’s
training. To mitigate overestimation of model performance,
missing data imputation was independently performed for
each training and test set in every fold of the CV process. In
external validation, bootstrap resampling was conducted with
1000 iterations and a sample size comprising 80% of the pro-
vided data. We also measured time-dependent ROC curves at
different time points (6-month, 12-month and 24-month) to
provide a more comprehensive picture of the models’ discrim-
ination performance across different follow-up times.25

To evaluate the congruence between observed outcomes
and the predictions of our models, we assessed calibration
performance using the Distributional Calibration method
(D-Calibration), which, unlike traditional calibration
methods focusing on specific time points, evaluates the
entire distribution of predicted event times.26 This method
assesses the accuracy of predicted probabilities by examining
whether a half of the subjects experience the event before the
predicted median probability time and the other half after-
ward. D-Calibration extends this principle to multiple quan-
tiles of the prediction curve, positing that the distribution of
observed events should be uniform across these quantiles. In
this method, predicted probabilities are segmented into 10
equal-sized groups or deciles. In an ideally calibrated
model, each decile should represent an equal proportion of
actual events, implying that 10% of events would be
expected in each predicted probability decile.

Patient stratification

Patients from the PRO-ACT dataset were stratified into three
progressor groups according to their predicted median event
probability times: fast (first quartile), intermediate (second
and third quartiles) slow (fourth quartile) progression group.
For subjects without available median event probability
time, linear extrapolation was employed to extend the event
probability curve. For each stratification group, we calculated
the average of the individual prediction curves generated by
themodels. These averageswere then juxtaposedwith the cor-
responding Kaplan–Meier (KM) survival curves for the same
groups. The closeness between these two curves is indicative
of the model’s calibration accuracy.

Web application

We have developed an interactive web application, specif-
ically designed to facilitate easy access to our predictive

models by clinicians and researchers. This application pri-
marily features the RSF model as its default option, while
also providing users with flexibility to choose either AFT
or COX model, depending on their specific requirements
or preferences. A key functionality of the application is
its ability to generate individualized predictions.
Moreover, it displays average prediction curves categorized
into three distinct ALS progression rate groups. These
groups are classified based on the time required to reach a
50% event probability. Specifically: fast progression is
assigned to the top 25th percentile, intermediate progres-
sion to the 25th–75th percentiles and slow progression to
the bottom 25th percentile. The web application can be
accessed at the following URL: https://predict-loss-of-
autonomy-swallowing.streamlit.app/

Statistical analysis

Continuous variables are presented as means with standard
deviations (or medians with interquartile ranges), and cat-
egorical variables were reported as counts (percentages).
Differences between PRO-ACT and SNUH datasets were
tested using the Mann–Whitney U test and Chi-squared
test, respectively. Comparisons of C-index from three dif-
ferent models were made using ANOVA, followed by the
pairwise t-test with Bonferroni correction for multiple
group comparisons. For D-calibration, predicted event-free
probability was segmented into 10 decile bins, with their
uniformity across the entire dataset was analyzed using chi-
square statistics. Pearson’s chi-square test was employed to
determine the uniformity of these bin. The efficacy of
patient stratification by predictive models was evaluated
through pairwise log-rank tests, comparing the KM
curves of the respective stratified groups. For all tests,
p-values were two-sided, and the significance level was
set at 0.05.

Results

Study population

This study employed two distinct datasets: the PRO-ACT
database for model development and internal validation,
and the SNUH ALS/MND registry for external validation.
Out of 11,625 de-identified patient records in the
PRO-ACT database, we selected 3396 patients who had
complete records in demographics, ALS history and
ALSFRS-R scores. Similarly, from 394 ALS patients regis-
tered in the SNUH database, 207 patients were selected
based on the same criteria for data completeness. The selec-
tion processes are detailed in the Supplemental Figure 1.

Table 1 provides a detailed comparison of baseline char-
acteristics between the two study populations. Statistically
significant differences were noted across a range of demo-
graphic and clinical features, suggesting the inherent
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disparities between data from controlled clinical trial and real-
world registry settings. Theonset regiondiffered significantly,
with a higher proportion of bulbar onset in the SNUH cohort
compared to PRO-ACT (30.0% vs. 18.0%, p<0.05). The
intervals from symptom onset and from diagnosis to study
entry were both shorter for the SNUH cohort, indicating a
more rapid enrollment after symptom and disease identifica-
tion. ALSFRS-R scores, which provide a granular assessment
of patients’ functional status, were higher in the SNUH group
except for the bulbar domain subscorewhichwas significantly

lower compared to PRO-ACT (p<0.05 for each). The base-
line body weight was significantly lower in SNUH cohort
compared to PRO-ACT (p<0.05). The median follow-up
duration in the PRO-ACT dataset was notably shorter at 7.8
months (IQR, 3.0–10.2 months), compared to the 11.4
months in the SNUH cohort (IQR, 4.9–19.4 months).
Analysis of the KM curves revealed a statistically significant
delay in the occurrence of the target event for the SNUH
cohort relative to that observed in the PRO-ACT (p<0.05
with log-rank test), as illustrated in Supplemental Figure 2.

Table 1. Baseline characteristics of ALS patients in the PRO-ACT and SNUH datasets.

PRO-ACT (n= 3396) SNUH (n= 207) p-values

Age (at enrollment) 57.0 (48.0–64.0) 60.0 (54.0–68.0) <0.05

Gender (M:F) 2190:1206 (64.5%) 115:92 (55.6%) 0.08

Onset region

Bulbar 612 (18.0%) 62 (30.0%) <0.05

Nonbulbar 2784 (82.0%) 145 (70.0%)

Time from symptom onset (months) 17.0 (11.5–24.2) 14.0 (9.0–21.5) <0.05

Time from diagnosis (months) 5.6 (2.7–10.8) 2.0 (1.0–6.5) <0.05

ALSFRS-R scores

Total 38.0 (34.0–41.5) 40.0 (36.0–43.0) <0.05

Bulbar 7.3 (6.0–8.0) 7.0 (6.0–8.0) <0.05

Motor 16.0 (12.7–19.0) 18.0 (16.0–20.0) <0.05

Respiratory 12.0 (11.0–12.0) 12.0 (11.0–12.0) <0.05

Slope of ALSFRS-R (total, points per month) −0.6 (−1.5–0.0) −0.7 (−1.5–0.0) 0.86

Forced vital capacity (%) 83.3 (73.1–95.3) 80.5 (69.2–91.8) <0.05

Weight (kg) 77.3 (67.0–88.6) 60.0 (54.0–67.0) <0.05

Creatinine (serum, µmol/L) 65.4 (53.1–78.1) 63.9 (54.8–73.2) 0.25

Follow-up duration (months) 7.8 (3.0–10.2) 11.4 (4.9–19.4) <0.05

Time to event (months) 6.0 (3.2–9.4) 11.4 (4.7–17.5) <0.05

Event occurrence 615 (18.1%) 41 (19.8%) 0.94

Note. Summary statistics are presented as medians (interquartile ranges) for all continuous variables, and counts (percentages) for categorical variables. The
values for time-resolved variables—including ALSFRS-R total, bulbar, motor, respiratory scores, FVC, weight, serum creatinine—are represented by their mean
values calculated over the initial three months following enrollment. The slope of the ALSFRS-R total scores was estimated by fitting linear regression to the
data collected during the first 3 months post-enrollment. The subdimension scores of the ALSFRS-R are determined as follows: the bulbar score is derived
from the sum of items Q1 (speech) and Q3 (swallowing), excluding Q2 (salivation) due to its susceptibility to medication effects; the motor score comprises the
aggregate of items Q4 (handwriting) through Q9 (climbing stairs); and the respiratory function score encompasses items R1 through R3.
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Predictive feature selection

Through the model optimization process, we selected dis-
tinct sets of predictive features, aligning them with each
algorithm to enhance the predictive accuracy and robust-
ness of our models. Notably, a significant convergence in
the selection of key variables was observed across all
three algorithms, including age, time from symptom
onset, mean ALSFRS-R scores for salivation and swallow-
ing, mean bulbar subscale score and mean FVC. This con-
sistency, particularly in the inclusion of bulbar-related
features and the exclusion of lower extremity-related
items in the feature selection process, highlights the signifi-
cant role of bulbar dysfunction in predicting dysphagia pro-
gression in ALS patients. The results of feature selection
and the predictive feature contribution for each model are
illustrated in Supplemental Figures 3–7.

Model performance

The performance of predictive models was evaluated in
terms of two key metrics: discrimination—the ability to dif-
ferentiate patients who reached the endpoint earlier versus
those who did later or not at all, and calibration which
refers to the agreement between observed and predicted
times to the endpoint. Figure 2 depicts the analysis of dis-
crimination as measured with C-index and time-dependent
ROC curves (Figure 2(a) and (c)). In the internal validation
using PRO-ACT data, all three models exhibited strong dis-
criminative capability with no significant difference
between models: the median (IQR) C-index of 0.851
(0.842–0.859) for AFT, 0.850 (0.841–0.859) for COX
and 0.846 (0.839–0.854) for RSF. In the external validation
with bootstrapped data from the SNUH cohort, these
models consistently demonstrated effective discrimination,
but with statistically significant difference between models
(p < 0.05), as evidenced by the median (IQR) C-index of
0.803 (0.776–0.826), 0.802 (0.774–0.826) and 0.785
(0.755–0.811) for AFT, COX and RSF models, respect-
ively. The results of time-dependent ROC analysis
showed that the discrimination performance of the models
tended to decrease over time (Figure 2(b) and (d)). In the
PRO-ACT data, RSF performance remained relatively
stable, while the AUC values of COX and AFT decreased
noticeably at 24 months. In contrast, in the SNUH dataset
for external validation, the performance of all models
decreased from month 12, with RSF in particular exhibiting
a further decrease at 24 months, suggesting a potential over-
fitting of RSF especially in the later stages of disease
progression.

Figure 3 demonstrates the results of this calibration ana-
lysis. In both the internal and external validations, all
models exhibited effective distributional calibration, as evi-
denced by the uniform distribution of observed events
across each decile. While not reaching statistical

significance, a left-skewness pattern was observed in the
external validation, suggesting a tendency of the models
to overestimate event probabilities in this external cohort.

Patient stratification

To evaluate the stratification capacity of our models, patients
in the PRO-ACT dataset were classified into three groups
(fast progression, intermediate progression and slow progres-
sion) based on the median predicted event probability.
Comparative analysis of the KM curves for these groups
revealed significant differences in all pairs of stratified
groups for each model (p<0.05) (Figure 4). Furthermore,
to evaluate the concordance between the predicted and
actual time-to-event data, we juxtaposed the mean prediction
curves within each progression group with their respective
KM curves. A marked proximity between these curves was
observed over the course of time, especially in the case of
the AFT and COX models, indicating a high degree of cali-
bration accuracy in these models. The RSF model, however,
shows a distinct pattern where the KM curve for the slow
progressor group did not show a precipitous drop over
time. In addition, the RSF model’s prediction curves of the
fast and intermediate progressor groups showed a tendency
towards a higher event-free probability over time compared
to the corresponding KM curves.

Discussion
This study addresses the critical challenge of individualized
prognosis for clinical milestones in a progressive neurode-
generative disease, focusing on the loss of autonomy in
swallowing function in ALS. Leveraging eminent
time-to-event prediction algorithms and the largest clinical
trials database, we built three prediction models and con-
firmed their discrimination and calibration performance
through external validation using the real-world data from
a tertiary hospital registry. Furthermore, we integrated our
models into a web application specifically designed to esti-
mate the critical milestone, which could facilitate persona-
lized care and inform clinical trial designs through
individualized risk assessments for ALS patients.

We strategically employed various algorithms, each
paired with a distinct set of predictor variables, for the devel-
opment of predictive models. This approach facilitated a
comprehensive exploration of a range of analytical perspec-
tives, enabling us to uncover unique insights that a single
algorithm or a uniform set of predictors might overlook.
Notably, across all three algorithms, there was a significant
convergence in the selection of key predictor variables.
This convergence, especially evident in the consistent
emphasis on bulbar-related features and the exclusion of
lower extremity-related items across different models, high-
lights the crucial role of bulbar dysfunction in the progres-
sion of dysphagia and illuminates the regional pattern of
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Figure 2. Discriminative performance of the AFT, COX and RSF models as measured by using concordance index (C-index) (a and c) and
ROC curves (b and d). The results of internal validation indicated no significant difference between the three models (a), whereas external
validation demonstrated significant variability in C-index values across the three models (p < 0.05) (c). Shown are the ROC curves of the
models at different time points (6-month, 12-month and 24-month) in the PRO-ACT (b) and SNUH cohort (d). The area under the ROC curve
(AUC) is presented along with 95% confidence intervals (CIs), which were estimated using bootstrap resampling performed 1000 times.

Figure 3. Distributional calibration histograms for the AFT, COX and RSF models. Event-free probabilities are binned into 10 deciles, and
each horizontal bar in the histogram represents the observed event rate in each respective decile bin. For an ideally calibrated model,
these bars would consistently align with a 10% event rate. The chi-square test was utilized to determine the statistical significance of the
calibration across the deciles. The models were validated internally using the PRO-ACT dataset and externally with the SNUH dataset.
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disease progression in ALS patients. On the other hand, we
also found differences in the results of feature selection, espe-
cially between RSF and the other models. Despite being
highly correlated with swallowing difficulties, the speech
disability was selected as an important feature only in the
RSF model. This may be related to the complexity of data
structure and the differences between algorithms in how
they handle the data. Penalization in AFT and COX
models can shrink coefficients of highly correlated features
to zero, effectively removing one of them from the model
due to redundancy. In contrast, RSF can retain both corre-
lated features due to their combined predictive power. In
further analysis of predictive models, we observed that two
key features—the mean values of ALSFRS-R swallowing
item score and FVC in the first 3 months—contravened the

proportional hazards assumption, indicating the importance
of examining the specific assumptions of the algorithm in
the process of feature selection.

While all models were effective at stratifying patients,
the results of RSF model, unlike AFT and COX, did not
match well with the KM curves of the corresponding risk
groups. The RSF’s nonparametric, ensemble-based meth-
odology is generally believed to capture effectively
complex nonlinear relationships between variables, includ-
ing uncertainty due to censored observations.19 These prop-
erties might have resulted in more conservative event
probability estimates compared to KM curves for the fast
and intermediate progressor groups. On the other hand, as
for the misalignment in slow progressors, it could be
explained by the fact that the vast majority (99%) of

Figure 4. Patient stratification by predictive models. Cases from the PRO-ACT dataset were stratified into three progressor groups (fast,
intermediate and slow) based on the median event probability times predicted by the models. Solid lines represent the KM curves for each
progressor group, and dotted lines depict the mean prediction curves within the corresponding groups. The KM curves are evaluated
across stratified groups with pairwise log-rank tests.
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those classified as slow progressors by the RSF model were
censored subjects. Since the KM estimator treats censored
data as having no event, it may account for the flat KM
curve of the slow progressor group.27 Taken together, our
results suggest that it is important to be mindful of potential
biases in the context of censored data with complex struc-
ture. These insights collectively underscore the importance
of selecting appropriate algorithm based on the specific
characteristics of the dataset, providing invaluable guidance
for future research. By understanding these nuances and
cross-referencing the results of different models, we
believe that the multialgorithm approach could provide
more comprehensive insights into the accuracy and uncer-
tainty of predictions.

This study follows the path of previous research in devel-
oping individualized predictionmodels inALS,12,28,29 but the
key difference is that the prediction is targeted at clinicalmile-
stone, specifically loss of autonomy in swallowing function.
Not only is this highly relevant to the selection of predictive
features, but also will have a practical impact on the decision-
making process regarding gastrostomy in ALS patients.
While there was no significant difference between the time
to the loss of autonomy in swallowing and actual gastrostomy
placement, we noticed a discernible delay in gastrostomy
intervention for the SNUH cohort (Supplemental Figure 8).
This suggests the possibility of additional factors influencing
the decision-making process which requires careful consider-
ation of not only physical impact but also social and psycho-
logical burden.30While gastrostomy can significantly prolong
survival and improve quality of life by addressing nutritional
challenges,6 it also involves a compromise in bodily auton-
omy. The social and psychological implications of using
and maintaining a feeding tube, which is often perceived as
a “symbol of deterioration” akin towheelchairs or ventilators,
are profound.31 Therefore, it is imperative to engage in a
detailed and nuanced discussion to ascertain the most benefi-
cial timing for gastrostomy, striking a balance between its
advantages and the preservation of bodily independence. In
light of these considerations, we propose the application of
our predictive models as a useful tool to support this critical
decision-making process for gastrostomy in ALS patients.

Our online models should be applied with an under-
standing of their potential constraints, especially in terms
of dataset representativeness and algorithmic variations.
First, our models were primarily trained using data from
the PRO-ACT database, which, despite being the most
extensive compilation from clinical trials, may not wholly
represent the general ALS population due to specific eligi-
bility criteria inherent in clinical trials. Consequently, the
model’s applicability to the broader ALS population
could be restricted.32 The external validation using the
SNUH dataset highlighted a notable limitation: all models
exhibited a left-skewed distribution in the decile histogram
of D-calibration, suggesting an overestimation of event risk.
This skewness may be attributable to the distinct

characteristics of the clinic-based population, including
the shorter interval from symptom onset and diagnosis
coupled with a better baseline functional status, which
could influence the model outcomes. Second, employing
a variety of algorithms and predictor sets introduces com-
plexity in interpreting results and comparing models.
There are pros and cons to using the same feature selection
process for different algorithms.33 Although using the same
feature selection process makes it more straightforward to
compare different models, we might miss potentially rele-
vant features for a particular algorithm. Since the main
goal of feature selection in this study was to improve the
overall performance of each predictive model, we made
the feature selection process an integral part of the model
optimization and chose a popular method for each algo-
rithm. Acknowledging that the results do not provide algo-
rithmic benchmarks with the same feature set, we believe
that they provide valuable insights into the performance
capabilities of each model when optimized individually.
Lastly, it should be recognized that our models were
trained with the exclusion of cases where the target event
occurred within the first three months of enrollment, so
they may be of limited use in patients who already have sig-
nificant swallowing difficulties.

In conclusion, we developed individualized prediction
models for the loss of autonomy in swallowing function
in ALS patients. These models, leveraging three distinct
algorithms, demonstrated robust discriminatory and calibra-
tion capabilities in both internal evaluation and external val-
idation, underscoring their reliability and applicability. Our
models are implemented into a web application which could
be applied to individualized counselling, management and
clinical trial design for gastrostomy intervention. While
acknowledging the inherent limitations concerning the rep-
resentativeness of the training data and the complexities
introduced by multiple algorithms and diverse predictor
sets, we believe that our models can aid clinicians in
making more informed decisions, by offering individua-
lized risk assessments in the context of gastrostomy inter-
vention for ALS patients. We anticipate that further
studies will focus on enhancing the generalizability of
these models and exploring their application in diverse clin-
ical settings to facilitate personalized care in ALS patients.
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