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Statistics versus machine learning: definitions are
interesting (but understanding, methodology, and
reporting are more important)
We thankBian et al for their interest in our study. Since the
study was published, the distinction between logistic regres-
sion and machine learning has fueled a lot of discussion. We
had addressed this issue already in the initial submission but
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corroborated on it based on the reviewers’ comments. We
state in the article that we do not believe there is a clear di-
chotomy but rather that algorithms lie on a continuum
regarding flexibility, and reliance on the data versus subject
knowledge. Nevertheless, several publications and discus-
sions explicitly make this distinction and often conclude
that machine learning leads to better predictive performance
compared with traditional statistical methods. This justifies
the pragmatic definition in our article.

We feel that discussing semantics and definitions can be
insightful, but it should not be the focal point resulting from
our study. The key messages of our study on clinical risk pre-
dictionmodeling are as follows: (1) by itself, using highly flex-
ible algorithms do not necessarily lead to improved
performance, (2) methodological conduct in developing, vali-
dating, and fair comparison of different algorithms needs to
improve, and (3) the reporting of prediction model studies
should adhere to current guidelines such as transparent report-
ingof amultivariable predictionmodel for individual prognosis
or diagnosis [1]. The sensible development of a prediction
model depends on the specific context, should bear in mind
the clinical setting in which the algorithm is intended to be
used, and needs to be carefully and fully described.

Nevertheless, we respect the comments on the practical
choices that we made in our study. We compared ‘‘logistic
regression’’ with ‘‘machine learning.’’ The category ‘‘logistic
regression’’ included standard maximum likelihood logistic
regression and penalized logistic regression (lasso, ridge,
elastic net) but excluded bagged/boosted logistic regression
and other algorithms that we labeled as traditional statistical
methods. Penalization (regularization) has origins deep in
the statistical literature. We refer to Stein’s paradox described
in 1955at theBerkeleySymposiumonMathematical Statistics
andProbability [2].This inspired thedevelopmentofpenalized
linear regressionmethods such as ridge regression in 1970 and
the lasso in 1996 [3,4]. The category ‘‘machine learning’’
included everything except the ‘‘logistic regression’’ category
or other traditional statistical methods. We agree that support
vector machines with linear kernels or Na€ıve Bayes have
limited flexibility by design. Hence, it makes sense to rank al-
gorithms by complexity or flexibility [5]. This is informative
and helps researchers to choose an algorithm that is reasonable
for the specific purpose at hand and in balancewith the amount
of data and subject knowledge available.
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What is new?

� Samples enriched to include more patients who
reported improvement on a health transition ques-
tion demonstrated larger effect sizes.

� These results support the validity of health transi-
tion questions.

� Transition questions may continue to be used
as anchors for assessing clinically important
improvement.
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Validity of health transition questions is supported
by larger clinical improvements in purposive

samples enriched for improvers
To the editors,

Health transition questions, which ask patients to report
if they are better, worse, or unchanged after an intervention,
are commonly used as anchors in determining clinically
important changes in health outcome measures [1]. Howev-
er, the validity of health transition questions has rarely been
examined [2,3]. We previously showed that responses to
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health transition questions correlate with changes in self-
rated health based on clinical vignettes [4]. As an additional
test of the construct validity of health transition questions,
we examined if responses on health transition questions
corresponded with improvements in outcome measures.
Specifically, we tested if samples enriched with higher pro-
portions of patients who reported improvement on the tran-
sition question (as opposed to no change or worsening)
demonstrated larger effect sizes than samples with lower
proportions of patients who reported improvement.

We used data from an observational study of treatment re-
sponses in 250 patients with active rheumatoid arthritis [5].
Patients were examined before and after treatment escalation
for changes in several measures, including self-reported pain
severity (by visual analog scale), physical function (by the
SF-36 physical function subscale), swollen joint count (by
physician), and the Simplified Disease Activity Index
(SDAI), a composite measure of joint swelling, tenderness,
patient global assessment, physician global assessment, and
C-reactive protein level. After treatment, patients reported
whether they had improved or not on domain-specific transi-
tion questions, including ones for pain, physical ability, joint
swelling, and overall arthritis status [6]. The wording of the
transition question was ‘‘Since the start of the study, my
(pain/ability to do things/joint swelling/overall my arthritis)
has: improved, stayed the same, or gotten worse.’’

From the 250 patients, we drew 200 random samples of
100 patients each, first selected so that 20 patients reported
improvement on the pain transition question and 80 patients
reported worsening or no change. We used standardized
response means (SRM Z mean change/change standard
deviation) as the effect size measure. We computed
SRMs for the pain visual analog scale for each random
sample and computed the mean of the 200 results. We
then successively repeated this procedure for samples spec-
ified to have 25% of patients who reported improvement
through samples specified to have 90% of patients who re-
ported improvement. We then repeated this process for
physical functioning, swollen joint count, and SDAI.
SRMs for each measure increased progressively as the
percent of patients who reported improvement on the
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