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Methodological considerations in the analysis of survival data in
amyotrophic lateral sclerosis
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IDepartmenz of Chinical Neuroscience, Karolinska Institutet, Stockholm, Sweden, 2 Institute of Environmental
Medicine, Karolinska Institutet, Stockholm, Sweden, > Neurology Clinic, Karolinska University Hospital,
Stockholm, Sweden, and *Institute of Psychology, Leiden University, Leiden, The Netherlands

Abstract

Survival outcomes are commonly analyzed in studies with data from patients with progressive, neurodegenerative dis-
eases, such as amyotrophic lateral sclerosis (ALS). Given the fast progression of ALS, survival analyses are, however,
often difficult to perform and interpret. In this methodological article we demonstrate on real-world data how the choices
we make in the study design, data collection, and analysis could influence the results. The factors we consider in this
study are length of follow-up, sample size, timing of sample collection, and choice of covariables adjusted for in the
models. We further discuss the importance of each of these contributing factors and about how to avoid mistakes in

interpreting and reporting survival data in ALS and other rare, progressive diseases.

Keywords: Cox regression, methodology, statistical analysis, survival analysis, tutorial

Introduction

Amyotrophic lateral sclerosis (ALS) is a neurode-
generative disease that affects the upper and lower
motor neurons, causing a gradual deterioration of
the voluntary muscle function, and usually leads to
death within 2—4 years from symptom onset (i.e. as
few as 10% of the patients survive longer than
10years). ALS is a relatively rare disease with an
incidence of 0.3—4.6 per 100,000 person-years that
can be variable depending on the region and ethni-
city (1-3). ALS can present with a wide range of
symptoms and constitutes therefore a heteroge-
neous disease (2,4). The rapidly progressing course
of the disease, the rarity, and the heterogeneity
pose difficulties in the research of ALS (5).

In many clinical studies, the outcome of interest is
the time until a specific event such as death, a particular
biomarker reaching a certain threshold or a patient
requiring mechanical ventilation — commonly referred
to as ventilation-free survival in ALS trials. This type of

data, known as survival data, is commonly analyzed
using the Cox proportional hazards model. This model
is frequently employed for several reasons. First, many
researchers are familiar with the basics of regression
models and the interpretation of Cox regression (as we
will show in the next section) is straightforward with a
basic understanding of regression. Second, Cox models
are implemented in many if not all popular statistical
software including SAS, Stata, Statistica, SPSS, R and
Python, and require no technical or advanced statistical
programming skills. Last, Cox models are also popular
because they allow the inclusion of multiple predictors
alongside the primary exposure or treatment group.
For instance, in observational studies, the exposure
might be the level of a biomarker, while in clinical trials,
it could involve comparing a new treatment method to
the standard of care (6). However, the outcome of
interest, the decisions made in the study design and
performing data collection and analysis could play
important roles in the results and the interpretation of
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the results. Yet, in the field of ALS, there has been little
consideration given to some of these factors and many
are concerned with clinical trial design such as defining
outcome measures (7) or outcomes (8). As an example
from the non-trial literature, studies on the serum level
of neurofilament light chain (NfL)) as a prognostic
marker in ALS could help highlight the influence of
methodological concerns on survival analysis of ALS.
Four studies (9-12), using a sample size of 64 to 383
patients, reported different HRs for survival in relation
to a serum NfL levels above the median, compared to
below median, ranging from 2.21 (95%CI: 1.51-3.24)
in one study to 6.05 (1.68-21.87) in another. This vari-
ation could be attributed to factors discussed in the pre-
sent study, such as differing sample sizes (64, 124, 198,
383, event numbers were only reported for one study
(78) in the main text), follow-up durations (15, 60, 120
and 150 months), definition of survival time (only
reported for one study), inclusion/exclusion criteria,
variable selection or different median (cut-off) values
for the biomarkers, among other things. This empha-
sizes the importance of transparent reporting in survival
analysis of ALS data.

In this discussion article, we will explore some
of the contributing factors that can impact the
results of survival analysis such as the follow-up
time, the sample size, the time of sampling for bio-
specimens and the covariables adjusted for in the
model. In our analysis we will focus on issues and
decisions made when analyzing data employing
classical survival analysis (i.e. Cox models), that
are specific to rare, progressive diseases such as
ALS. Our aim is to illustrate the potential impact
of these decisions using a real data example and to
draw the attention of ALS researchers to these
issues.

A short introduction to the Cox proportional hazards
model

The Cox proportional hazards model (or Cox
regression) was introduced by Sir David Cox in
1972 (13) to analyze survival data and test the
effect of several predictor variables on the time to
an event (in ALS research often death or the start
of invasive ventilation). This effect is commonly
given in the form of hazard ratios (HR), which can
be interpreted similarly to odds ratios obtained
from a logistic regression. For instance, comparing
treatment to control group (denominator), a haz-
ard ratio of 1 means the same probability of an
event occurring in the two groups at any given
time, while a HR of 2 would indicate an event at
twice the rate in the treatment compared to the
control group. Note that the HR is a relative meas-
ure of risk and not an absolute one. A more
detailed explanation of the Cox model is given in
Figure 1.

Because the Cox model estimates a single,
time-independent hazard ratio (HR), the model

assumes that the hazards are proportional for the
entire study period. This is called the proportional
hazards (PH) assumption. Several methods exist to
assess this assumption, including graphical
approaches and statistical tests based on
Schoenfeld residuals. However, the PH assump-
tion is often violated in practice, which can lead to
biased or misleading estimates if not appropriately
addressed (14-16).

Even when the proportional hazards assump-
tion is tested and holds, extrapolating the results
to longer timeframes may be problematic, as we
assume that the PH assumption will hold beyond
the time period studied. This issue may be exacer-
bated in progressive diseases like ALS where drop-
outs are often linked to outcome, exposure, or
covariates. This, on one hand, may render the
results invalid, but also hinders the comparability
and reproducibility of findings between studies.
Consequently, inconsistent findings in analysis of
ALS survival data may partially stem from differ-
ing follow-up durations and untestable violations
of the PH assumption (17). Next, we will focus on
the small decisions made during a study.

Challenges in survival analysis of ALS parients

Sample size. A critical challenge in ALS research
is limited sample size, which is a common issue for
all rare diseases (17-19). Due to the heterogeneity
of ALS patients, however, the in- or exclusion of
specific patients, or a slightly smaller or larger
sampling fraction from the source patient popula-
tion may have a larger impact in ALS than in dis-
eases with more homogeneous patient populations.
Moreover, minimum sample size requirements are
often not met (20), resulting in wide confidence
intervals and non-reproducible study results.

A commonly cited rule of thumb for the sam-
ple size recommends at least 10 events per pre-
dictor variable to ensure model stability and to
reduce the risk of overfitting (21). More recent
guidelines, however, advocate for a context-specific
approach that accounts for model complexity, out-
come incidence, and intended use (20).

Statistical power in survival analysis is driven
primarily by the number of events (a combination
of sample size, follow-up duration and the prob-
ability of an event), not by the total sample size
alone. Small numbers of events can lead to impre-
cise and potentially biased effect estimates. In add-
ition, lower power increases the risk of Type II
error (i.e. false negatives). Importantly, the Type I
error rate (i.e. false positives) remains controlled
under correct model specification, even in small
samples. Meeting these requirements remains a
substantial challenge in ALS research due to small
sample sizes and the large number of clinically
relevant variables.
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A bit more technical explanation of the Cox regression

The Cox proportional hazards model takes the form for each patient i for a single covariate:

h(ElX:) = ho(0)

Where h(t|X;) or h(t) is a hazard function (h,(t) being the baseline hazard function, identical for all
patients) and exp(8,X;1) is the p for patient i. In general terms, this means that the hazard
given observed covariates X; is the baseline hazard multiplied by the (exponentiated) linear predictor
(which takes the form exp(BXiy + B2Xip + -+ BpX;p) for covariates Xy, X5, ..., X,. The coefficient for
covariate j denoted as exp()) is called a hazard ratio (HR).

The proportional hazards assumption of Cox model postulates that the ratio of the hazards of an event
should be constant over time (a.k.a. proportional hazards (PH) assumption). To demonstrate this, let's
consider two patients, i and j. The ratio of the hazards:

h(tlX:) _ ho(t) -exp(B-Xi) _ exp(B-Xi) _
h(t]X;)) ho() -exp(B-X;) exp(B-X))

exp (8- (X — X))

Because the baseline hazard (which is the same for all patients) is cancelled out, the right-hand side is
not dependent on time, hence the ratio of the hazards is constant, i.e., the hazards are proportional.
Provided that the PH assumption holds, we can estimate the parameter estimate  without considering
the entire hazard function, which is the main advantage of the Cox model.

Figure 1. Survival and hazard functions comparing two groups and a brief introduction to the Cox regression and its assumption with
formulae. Note for the figure on top: fictional example representing survival and hazard functions for a discrete predictor comparing
control and treatment groups (Note that continuous variables such as biomarker levels cannot be represented.

Time of biomarker sampling in a progressive
disease. In ALS, the timing of biospecimen col-
lection is a critical methodological consideration.
The disease follows a progressive course, and there
is often a substantial delay between disease initi-
ation, symptom onset, and clinical diagnosis which
can span from several months to over a year.

Moreover, patients exhibit diverse disease trajecto-
ries after diagnosis as well. Biomarker measure-
ments can therefore be obtained at very different
points along this disease timeline. For many
exploratory (i.e. not yet established and/or not
ALS-specific) biomarkers, we do not yet under-
stand their trajectory over time and how this
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trajectory is related to disease progression.
Therefore, differences in measured levels are not
necessarily a direct reflection of disease progression
but could be attributed to individual differences,
different disease subtype, etc. As a result, samples
taken at different disease stages may not be dir-
ectly comparable.

To reduce variability related to disease stage,
many studies adopt narrow sampling windows,
such as collecting samples within the first three
months after diagnosis to capture patients at a
more comparable stage. In contrast, sampling later
in the disease course can introduce selection bias
or at least unwanted differences and heterogeneity
in the study population, as these cohorts are more
likely to include patients with slower progression
and longer survival. Differences in sampling strat-
egy make comparisons across studies challenging.

From a statistical perspective, Cox models can
account for timing, but this requires careful speci-
fication of the time scale and appropriate report-
ing. In ALS biomarker research, potential starting
points include the date of biomarker measurement,
time since diagnosis, or time since symptom onset.
The latter two approaches implicitly assume that
biomarker levels remain constant over time — a
strong assumption that may not hold, especially in
case of a progressive disease. If violated, this can
lead to immortal time bias, whereby survival time
is artificially inflated because patients must survive
until the biomarker measurement 1is taken.
Therefore, correct model specification and trans-
parent reporting of time origin are essential for
valid inference.

Multivariable adjustment is a common approach
used to address heterogeneity and enhance the
statistical efficiency of data analysis (13,22).
However, larger sample sizes are often required to
accommodate adjustments for an increased num-
ber of covariables. Covariables selection is typically
informed by prior literature and expert knowledge;
but over-adjustment and overfitting are frequent
challenges. Another issue, though not addressed in
the present study, is multicollinearity among cova-
riables, which can sometimes yield results that are
difficult to interpret. For these reasons, careful
selection of covariables is essential, as we will
demonstrate.

Each of these issues could produce invalid or
biased results, leading to erroneous conclusions.
Furthermore, coexistence of multiple problems
can, and does, occur and lead to greater validity
concerns. In the present study, we show how each
of these issues may impact the results of survival
analysis in ALS in a relatively large, population-
based sample of newly diagnosed ALS patients
from Stockholm, Sweden. We propose specific
aspects of the survival analysis to report and
emphasize when evaluating the validity of the

study results and before generalizing the findings
to other settings.

In the Introduction, we have presented factors
related to study design and statistical analyses and
indicated how they could impact the results of sur-
vival analysis in ALS. The remainder of the article
is organized as follows: instead of the usual materi-
als and methods, we first introduce the Motivating
case study to illustrate the effect of analytical
choices in survival analysis in a real-world setting
then detail the Stawstical analysis of the motivating
case study. These sections are followed by the
Results we have obtained, and the article concludes
with a Discussion of the findings and recommenda-
tions for ALS researchers performing survival
analysis.

Motivating case study

The motivating dataset consisted of 159 individu-
als with ALS who were diagnosed and enrolled in
the study — by donating blood and cerebrospinal
fluid (CSF) samples —between March 2016 and
May 2023 at the ALS Clinical Research Center of
Karolinska University Hospital in Stockholm,
Sweden. Of these, 115 individuals donated a single
time one sample of blood and one of CSF,
whereas 44 contributed multiple samples over
time. All participants received a diagnosis of prob-
able, possible, or definite ALS, according to the El
Escorial criteria. To characterize immune system
involvement, flow cytometry was used to analyze T
cells subsets from fresh blood and CSF samples
collected at the time of enrollment (a brief descrip-
tion of the biomarkers can be found in
Supplementary Table 1). Detailed protocols for
sample processing and analysis have been
described elsewhere (23). During the follow-up
period, 67 participants reached the primary end-
point of death or initiation of invasive ventilation.
Oral and written informed consent was collected
from all patients. The study was approved by the
Swedish Ethical Review Authority (ALSrisc:
DNRs 2014/1815-31/4 (extended 2018/1065-31,
2021-06397-02), MND Registry: 2017/1895-
31/1).

Information on age, sex, date of diagnosis, date
and site of symptom onset, ALSFRS-R score and
body mass index (BMI) was obtained for all par-
ticipants through linkage to the Swedish Motor
Neuron Disease Quality Registry. Through linkage
to this registry, all individuals were followed from
the date of first sampling of biospecimen, until the
date of death, the use of invasive ventilation, or July
29™, 2023, whichever occurred first. Progression
rate at the time of sampling was calculated as 48
minus ALSFRS-R score around the time of sam-
pling divided by the time interval between symptom
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onset and the time of ALSFRS-R score measure-
ment closest to the sampling (in months).

Statistical analysis of the motivating case
study

Cox proportional hazards model was used to esti-
mate the risk of death (alternatively use of invasive
ventilation) in relation to the level of different bio-
markers (specifically, T cell subsets). The model
was adjusted for sex, age and BMI at the time of
sampling, site of onset, diagnostic delay and
ALSFRS-R score closest to the time of sampling.
We chose these variables as examples as these vari-
ables are often adjusted for in multivariable sur-
vival models for ALS. A typical model could take
the form:

h(t) = ho(r)-exp(f,-Biomarker + f,-Sex + f5-Age
+ 4" BMI + f5-OnsetSite + P DiagDelay
+ B,-ALSFRS)

where Biomarker represents the T cell subsets
measured in blood and CSF described above (our
original model). To analyze the impact of follow-
up length, sample size, and choice of multivariable
adjustment, we selected each patient’s sample that
was closest to the time of diagnosis, ensuring it
was within 3 months of diagnosis. To examine the
effect of sampling timing, we included only
patients with multiple measurements and used
both the sample closest to and the sample furthest
from the diagnosis date.

Follow-up time. To assess the impact of the
length of the follow-up period, we analyzed baseline
samples taken within 3 months following the date of
diagnosis (z=106). If multiple measurements were
available during this period, the one closest to the
diagnosis date was selected, creating the baseline
dataset (n=105). For follow-up analysis, we tracked
these patients over two timeframes: one year (short
follow-up) and two years (long follow-up).

Sample size. To address the impact of sample
size, we generated three datasets of varying sizes
but with a consistent two-year follow-up period.
Specifically, the smaller and medium-sized datasets
comprised random samples of 40 and 70 individu-
als, respectively, selected from the baseline dataset,
while the larger dataset included all 105 individu-
als in the baseline dataset. Additionally, in a sensi-
tivity analysis, to depict the sampling variability,
we created two more datasets, each with a unique
random sample of 60 individuals, enabling a com-
parison of random sampling effects.

Time of biospecimen sampling. To study the
impact of sampling time relative to the diagnosis
date, we included the 44 individuals who had
donated multiple samples. We created two datasets:

one with samples taken closest to the diagnosis date
(within 3 months; n=32) and a second with sam-
ples taken furthest from the diagnosis date (min-
imum of 3 months; n=44). Survival time was
calculated from the biomarker sampling date to
death or initiation of invasive ventilation, or end of
follow-up. We then matched individuals across
these two datasets to allow a direct comparison of
the same patients, isolating the effect of sampling
time relative to diagnosis (7 =32).

Variable selection. Finally, we studied the
impact of the choice of covariables in Cox model.
Different research groups may use similar but not
the same covariables, which also can have an
impact on the obtained results. Using the baseline
dataset (described above) including the baseline
measurements from every patient (N=115) and a
follow-up duration of two years, we used five dif-
ferent models as follows:

Model 1: Biomarker + Age + Sex
Model 2: Biomarker + Age + Sex + Site of onset

Model 3: Biomarker + Age + Sex + Site of
onset + BMI
Model 4: Biomarker + Age + Sex + Site of

onset + BMI + ALSFRS-R + Diagnosis delay
Model 5: Biomarker + Age + Sex + Site of
onset + BMI + Progression rate

These models were selected to illustrate how
small choices in variable selection can influence
results. For example, progression rate inherently
incorporates information from both ALSFRS-R and
time between symptom onset and ALSFRS-R meas-
urement and is therefore not included together with
these variables to avoid collinearity. As the purpose
of all the analyses is to illustrate methodological
choices, no adjustment was made for multiple com-
parisons, and no p values will be shown. The results
from the models are presented as hazard ratios and
the default 95% confidence intervals. The results are
depicted on forest plots (Figure 2) and in Tables
(Table 2 and Supplementary Tables 2 and 4). The
PH assumption was evaluated using Schoenfeld’s
residual test (PH test). All analyses were performed
using R 4.3.0 and the R packages “dplyr” (24),
“tidyverse” (25),” ggplot2” (26),” survival” (27),
“berryFunctions” (28), “survminer” (29).

Results

Descriptives. Table 1 presents the basic charac-
teristics of the sample in our motivating case
study. The last column describes the full sample,
which is a representative of ALS patients in
Stockholm County (30), while the other columns
show two random subsets. Notably, taking a ran-
dom sample affects some characteristics, such as
sex distribution (women are overrepresented in
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Figure 2. Hazard ratios (HR) and their 95% confidence intervals (CI) of death (or use of invasive ventilation) in relation to the
biomarker frequency in blood and cerebrospinal fluid (CSF). The model is adjusted for age at sampling, sex, site of onset, diagnostic
delay, weight difference between diagnosis and sampling, ALSFRS-R score closest to sampling, and time difference between ALSFRS-
R score measurement and sampling. Model 4 as the original model, Model 1 including only biomarker age, and sex; Model 2 adding
site of onset; Model 3 adding BMI; and Model 5 substituting progression rate for ALSFRS-R and diagnosis delay.

the smallest sample) and site of onset (bulbar
onset is slightly overrepresented in the small and
underrepresented in the medium sample). (Note,
that this happens because of taking just a single
random sample. If the process were to be
repeated 100 times and the results averaged, the
distributions would closely match those observed
in the population.) Also note the generally larger
standard deviations for the smaller samples (with
the notable exception of diagnostic delay, which
shows a different pattern). Despite these small
discrepancies, even the smaller samples represent
the population reasonably well due to the regis-
try’s high coverage.

Follow-up time. As anticipated, with the longer
follow-up period the number of deaths (events)
increased, leading to more precise estimates and
smaller confidence intervals (CIs) (Figure 2(A)
and Table 2). For all biomarkers, the hazard ratio
(HR) was closer to 1 in the longer follow-up dur-
ation than in the shorter follow-up, implying
smaller effect sizes.

Sample size. Larger sample sizes were associated
with improved estimate precision and narrower
confidence intervals (Figure 2(B) and Table 2).
While some biomarkers showed more stable HRs
in the larger samples, others — particularly CSF
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Table 1. Clinical characteristics of the full sample of patients (last column) and the two smaller

datasets of different sizes.

Characteristics Small (N =40)

Large (N =105)

Medium (N =70) Full sample

Sex, N (%)

Female 17 (42.5%) 29 (41.4%) 41 (39%)

Male 23 (57.5%) 41 (58.6%) 64 (61%)
Site of onset, N (%)

Spinal 24 (60%) 44 (62.9%) 62 (59%)

Bulbar 16 (40%) 25 (35.7%) 41 (39%)

Missing 0 1 (1.4%) 2 (2%)
Age at sampling

Median 62.26 65.78 66.54

Mean (SD) 63.52 (14.42) 64.18 (12.17) 65.18 (11.61)
BMI

Median 22.53 23.82 24.09

Mean (SD) 23.65 (4.07) 23.95 (3.35) 24.15 (3.57)
Diagnostic delay in days

Median 303 338 341

Mean (SD) 384 (277) 448 (494) 475 (526)
ALSFRS-R closest to sampling

Median 41.5 42 41

Mean (SD) 38.7 (8.7) 39.4 (7) 39 (7)

markers — exhibited considerable variability across Discussion

different sample sizes. Notably, fluctuations were
more pronounced among CSF markers. In part,
this heterogeneity is due to taking a random sam-
ple (and not just sample size), since there may be
considerable differences between random samples.

Time of biospecimen sampling. We further
examined the impact of the time interval between
biospecimen sampling and ALS diagnosis on our
results. Differences in HRs were observed for most
biomarkers, with particularly pronounced variabil-
ity among CSF variables (Figure 2(C) and
Supplementary Table 2). This variability may
partly reflect the hypothesis that the influence of
biomarkers on mortality risk evolves over the dis-
ease course. Additionally, only patients who sur-
vived at least three months (the minimum interval
we set between biospecimen samplings corre-
sponding to the time between patient visits) could
provide multiple samples. As shown in
Supplementary Table 3, patients in the second
dataset were older, with lower BMI and ALSFRS-
R scores compared to those in the first dataset.

Variable selection. In the panel of Figure 2 (Figure
2(D) and Supplementary Table 4), the impact of the
choice of covariables is displayed for five different
models. As expected, the difference between the mod-
els are relatively small, however, even such a small dif-
ference in models can have a large impact in ALS
research: while the HR point estimates did not differ
largely between the different models, but in some
models the exposure’s effect on survival was statistic-
ally significant while in other models it was not, lead-
ing to potentially different conclusions.

In this study, we illustrated how small decisions
related to the study design and data analysis could
impact the results of survival data analysis in ALS
using Cox regression. While generally it is
expected that a larger sample size will lead to more
precise estimates or that the length of follow-up
will have no or only minor impact on the hazard
ratio estimates, using real-world data, we demon-
strated that, in the case of a rare and heterogenous
disease like ALS, the situation might be more
complex.

Follow-up time. We observed differences
between the analyses with shorter and longer
follow-up periods. Various reasons might underlie
such pattern. First, a biomarker measured close to
the time of diagnosis may be more indicative of
risk of death in the period immediately following
diagnosis than later in the disease course. An
attenuation effect over time may have thus a bio-
logical explanation. Second, shorter follow-up
likely captures deaths primarily among patients
with rapidly progressing disease —a more homoge-
neous subgroup. In contrast, longer follow-up
includes deaths among patients with slower pro-
gression, introducing greater heterogeneity. Third,
the proportional hazards assumption may not be
realistic as it implies that the effect of a biomarker
measured at a single time point remains constant
over one month, one year, or even ten years which
is a biologically unlikely scenario. This may be
very improbable. We suggest that, when interpret-
ing results from survival analysis in progressive dis-
eases, researchers should always emphasize the
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Table 2. The HR estimates corresponding confidence intervals and the assumption check for all models in panels a and B of Figure 2.

= 40)

Small sample (N

=70)

Long (2 years)/Large sample (N = 105) Medium sample (N

Short (1 year)

PH-test* N (Events) HR PH-test* N (Events) HR PH-test*

HR (95% CI)

PH-test* N (Events)

HR (95% CI)

N (Events)

Blood

05
04

0.

1.35 (0.73-2.51)
1.44 (0.69-3.00)
1.15 (0.72-1.84)

37 (20)
33 (19)
37 (20)

0.17
0.10
0.74

1.24 (0.82-1.85)
1.13 (0.73-1.76)
1.21 (0.85-1.72)

68 (37)
60 (33)
67 (37)

14
0.15
0.54

0.

1.17 (0.87-1.58)
1.06 (0.77-1.46)
1.18 (0.90-1.57)

98 (54)
86 (48)
97 (54)

0.82

0.

2.25 (1.27-3.98)
1.57 (0.95-2.60)
1.43 (0.95-2.16)

98 (27)
86 (22)
97 (27)

CD3+/Live
CD8+/Live
CD4+/Live

CSF

0.
0.24

69

0.89

0.24
0.

1.58 (0.84-2.97)
1.16 (0.75-1.78)
1.38 (0.75-2.56)

37 (21)
33 (20)
37 (21)

0.15
0.14
0.49

0.93 (0.60-1.45)
0.84 (0.57-1.24)
0.99 (0.62-1.57)

66 (36)
58 (32)
66 (36)

0.18
0.25

0.

1.27 (0.93-1.74)
1.01 (0.78-1.30)
1.33 (0.97-1.83)

98 (54)
85 (48)
98 (54)

75

0.

2.16 (1.26-3.68)
1.40 (0.97-2.01)
1.74 (1.06-2.86)

98 (28)
85 (23)
98 (28)

CD3+/Live
CD8+/Live
CD4+/Live

40

0.81

0.

0.36

34

67

*The p value of the PH-test (proportional hazards test) to test the PH assumption. If non-significant, the hazards are assumed to be proportional.

length of follow-up, and HRs should be inter-
preted as applying to that specific time frame.

Sample size. Having a larger sample size will
often lead to greater statistical power in statistical
analysis. However, in survival analysis, the number
of events (driven by sample size, follow-up dur-
ation and the probability of an event) is more
important. Since ALS is a progressive disease, a
longer follow-up time will increase the number of
events for the same sample automatically as seen
in our example.

In addition, it is also important to look at the
composition of the patients and their clinical char-
acteristics. Site of onset, sex, delay in diagnosis,
etc. are all important pieces of information about
how the patients will progress over time. Ensuring
a representative sample that is large enough to per-
form the desired hypothesis tests 1is Kkey.
Performing a sample size calculation or power ana-
lysis before data collection could reduce the num-
ber of non-reproducible results and contradictory
reports. Moreover, while the suggestion to acquire
larger samples sizes may seem straightforward, it
presents a challenge when working with rare dis-
eases like ALS, where ongoing sample collection
may span several additional years. An alternative is
to apply Firth’s correction to the regular Cox
regression to increase power and reduce small
sample bias (31,32).

Furthermore, survival analyses typically require
an adequate number of events per variable (EPV) —
often cited as at least 10 events per predictor or in
case of categorical predictors have unbalanced dis-
tributions even higher EPV (e.g. 20-50-+) may be
needed (33,34) — to ensure model stability and reli-
able estimates. In practice, these thresholds are
rarely met in ALS studies, and the number of
events is often not reported at all, making it difficult
to assess the robustness of published findings. This
tension between ideal methodological standards
and real-world constraints is a core issue we aim to
highlight. Therefore, it is important to find realistic
solutions for smaller sample sizes. Potential solu-
tions for small sample sizes include identifying
more homogeneous subgroup of patients for whom
predicting survival may be more straightforward,
correcting for small sample bias (32) or collaborat-
ing with other ALS research groups (recent exam-
ples are the PRECISION-ALS (35) or ALS
Natural History cohorts (36). We would like to
advocate for the latter not just because it allows to
include all kinds of ALS patients but also because
this could result in more robust and replicable stud-
ies. Collaborations may also allow for the develop-
ment and use of more advanced analysis methods
(36,37).

Time of biospecimen sampling. Third, when
we divided the patients based on when their
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biospecimen was sampled since diagnosis, we used
the same follow-up period of two years for both
groups. It is important to acknowledge that the
sample sizes (=32 and n=44) are too small for
a meaningful analysis; while they serve to illustrate
our methodological point, analyses with such small
sample sizes should not be used to derive clinical
insights. Despite this limitation, using biomarkers
measured closer to diagnosis (within three months)
or later (three months or more) as the exposure
yielded different results, highlighting the potential
influence of sampling time on observed
associations.

This discrepancy might be attributable to sev-
eral reasons. First, biomarkers measured close to
diagnosis might indeed be more predictive of
immediate risk of death during the year to follow,
compared to biomarkers measured more than
three months after ALS diagnosis. Second,
patients that had a measurement of biomarkers at
least three months after diagnosis would have to
have survived at least three months after diagnosis
while it is not necessary for patients that had a

measurement within three months of diagnosis.
Therefore, there is an interaction between progres-
sion rate and diagnostic delay (which directly
impacts biospecimen sampling). The fact that the
confidence intervals are smaller in the group with
a measurement further away from diagnosis could
be due to greater homogeneity in this group, con-
sisting of patients who survived longer and may
experience slower progression. Having a protocol
that harmonizes what data should be collected
when may reduce heterogeneity arising from a long
sampling period.

Variable selection. Finally, we compared five
models differing only by one covariable. For
example, one adjusted for ALSFRS-R score and
diagnosis delay while another used progression
rate or further adjusting for site of onset and
BMI. The choice could depend on the research
question or what is available in the dataset or
registry, among others. In our real-data example,
these alternatives led to only slight changes in the
estimates and the confidence intervals when mod-
els only differed by one variable. Even so, a

Table 3. Checklist for transparent reporting of survival analysis in ALS.

Checklist item Details Suggested reading/reference

Clearly define inclusion/exclusion criteria.

Describe clinical characteristics of the cohort (e.g. site of
onset, age, seX, genetic status).

Specify recruitment source and sampling time point (e.g.
diagnosis, baseline visit).

Report total sample size and number of events (not just % 7
deceased).

Define and justify start of follow-up (e.g. symptom onset,
diagnosis, sampling date). Discuss the impact of the
starting point.

Define end point (e.g. death, tracheostomy, permanent @)
assisted ventilation). Consider the consequences of
composite endpoints

Report median follow-up time and range.

Clarify censoring rules and handling of lost-to-follow-up (8)
cases.

Provide rationale for covariate inclusion (clinical relevance,
prior literature, statistical criteria).

Address potential collinearity, overfitting and EPV.

Consider time-dependent covariates if applicable.

Specify model type (e.g. Cox proportional hazards,
parametric models).

Report test point estimates with confidence intervals.

Report assumption check(s).

Study Design and Sample

Follow-up Definition

Covariate Selection and Justification

Statistical Methods For an overview,

see Supplementary Table 5

Consider alternative metrics (e.g. restricted mean survival (38)
time) when PH assumption is violated.
Sample Size and Power Include power calculations or justification for sample size. )

Discuss implications of event count on model stability and
statistical power.
Apply correction for small samples if appropriate. (31) (32)
Report total sample size but also number of events used in ©)
each model.
Provide a clear description of all analytical steps.
Share code or analysis scripts (if possible).
Present results in table or forest plots (include estimates in
a supplementary table)
Encourage replication in independent cohorts.

Reporting and Reproducibility
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slightly broader confidence interval could lead to
a non-significant effect, which in turn results in a
potentially different conclusion. Moreover, results
could differ substantially when models are more
dissimilar or when the sample size is smaller.
Finally, it is impossible to know in advance how
these changes will affect a multivariable model.
Hence, researchers should carefully consider
which variables to include in their study and
unambigously report which variables were
included in each model and why.

In addition, variable selection in ALS research
presents a tradeoff: it must balance the risk of low
EPV, which can lead to overfitting or unstable
models, against the need to adjust for important
clinical characteristics that account for sample het-
erogeneity. A model with fewer variables may miti-
gate EPV-related issues but at the cost of omitting
relevant covariates, potentially resulting in biased
or spurious findings.

Reporting and transparency. Throughout this
study, we have emphasized that methodological
decisions, including follow-up duration, time of
sampling, and covariate selection, can significantly
influence survival analysis results. However, some-
times published ALS survival studies do not
clearly report key design elements such as the
number of events, the rationale for covariate
selection, or the definition of follow-up start and
end points. In our review of the ALS survival
studies mentioned in the Introduction, we
observed that such details were occasionally miss-
ing or inconsistently reported. We believe that
incomplete reporting due to a lack of reporting
guidelines may partly explain the variability in
findings across the literature. To support more
transparent and reproducible research, we have
included a checklist in Table 3 summarizing key
methodological considerations, along with referen-
ces to guide researchers in making and reporting
these decisions.

Conclusion

Due to the complexities of analyzing survival data
in progressive diseases, ALS researchers must exer-
cise caution when interpreting and generalizing
results. Observed differences between groups could
be due to true biological effects (e.g. a biomarker
might be more relevant to an event soon after
measurement), variations in study populations,
analytical choices, or even chance alone.
Differences in biomarker results between CSF
and blood may reflect underlying biological factors
such as compartment-specific immune activity
(39) or the lower number of immune cells in CSF
which can amplify measurement variability. These
biological characteristics may also influence the
effectiveness or interpretability of certain statistical

methods, including Cox regression, particularly in
contexts with small sample sizes, limited events, or
time-dependent effects that challenge the propor-
tional hazards assumption.

We hypothesize that some of this lack of repro-
ducibility in ALS may be attributed to the meth-
odological difficulties such as the ones discussed in
this study. In particular, the number of events
rather than just the overall sample size, is a critical
determinant of model stability and statistical
power. Yet, this information is often underreported
in the literature, making it difficult to assess the
robustness of published findings.

We therefore emphasize the importance of
thoughtful study design and advocate for greater
transparency in reporting of ALS survival analysis.
This includes clearly outlining study design, data
collection methods, and specific statistical analyses
including the rationale behind covariate selection.
Additionally, ALS research would benefit from the
development of field-specific guidelines for con-
ducting and reporting survival analyses, as well as
from more replication studies. Replication of find-
ings in independent studies is crucial to establish
robust and reliable conclusions. Ultimately, rigor-
ous methodology and transparent reporting are
essential tools for advancing our understanding of
ALS and developing effective therapies for this
devastating disease.
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