136 Letters to the Editor / Journal of Clinical Epidemiology 116 (2019) 133—139

of included studies in Cochrane reviews. J Clin Epidemiol 2019;112:
59—66.

Higgins JPT, Lasserson T, Chandler J, Tovey D, Churchill R. Method-
ological Expectations of Cochrane Intervention Reviews. Cochrane:
London, Version 1.07. 2018. Available at https://community.
cochrane.org/mecir-manual. Accessed July 29, 2019.

Metzendorf MI, Richter B. Selective searching for high quality
health-related evidence syntheses — more bias or time gained? Poster.
Global Evidence Summit, 13-16 Sept 2017, Cape Town, South Africa.
Available at https://docserv.uni-duesseldorf.de/servlets/DocumentServlet?
1d=50245. Accessed July 31, 2019.

Metzendorf MI, Richter B, Bandeira-Echtler E, Hausner E,
Waffenschmidt S. Descriptive analysis of non-randomized studies
included in Cochrane Reviews regarding their availability in PubMed.
Poster. 25th Cochrane Colloquium, 16-18 Sept 2018, Edinburgh, UK.
Available at  https://docserv.uni-duesseldorf.de/servlets/Document
Servlet?id=50244. Accessed July 31, 2019.

Halladay CW, Trikalinos TA, Schmid IT, Schmid CH, Dahabreh 1J. Using
data sources beyond PubMed has a modest impact on the results of systematic
reviews of therapeutic interventions. J Clin Epidemiol 2015;68:1076—84.
Hartling L, Featherstone R, Nuspl M, Shave K, Dryden DM,
Vandermeer B. The contribution of databases to the results of systematic
reviews: a cross-sectional study. BMC Med Res Methodol 2016;16:127.

2

[

3

—

[4

=

[5

—

[6

[t

http://dx.doi.org/10.1016/j.jclinepi.2019.09.001
Statistical thinking, machine learning n

We read with interest “A systematic review shows no
performance benefit of machine learning over logistic
regression for clinical prediction models” by Christodoulou
et al. [1] appreciating its rigor and importance. We ques-
tion, however, the conceptual dichotomy of logistic regres-
sion (LR) vs. machine learning (ML).

Liberally interpreting Breiman’s and Mitchell’s works
[2,3] among others [4], Christodoulou et al. posit that ML
differs from regression in that ML lacks underpinning the-
ory or prior domain knowledge, yet acknowledging the dif-
ference more as of a continuum than a clear cut [5].

LR exploits a Bernoulli-distributed outcome as a linear
function of predictors through the log-odds, with coeffi-
cients estimated by maximum likelihood and Newton’s
method. Incorporated random or other mixed effects can
account for data hierarchies. Variations of LR, from probit
to Bayesian LR, historically are not regarded as ML [6]. In
LR features are usually chosen by content experts based on
empirical knowledge or theory, subject to sample size and
event rates. In the presence of collinearity, or when theory
is vaguer, techniques for selecting variables can be used, for
example, regularization. To some extent, feature selection
already falls in the ML realm.

Many ML techniques are not much different to LR other
than in name and model fit routines. For instance, a support
vector machine (SVM) with linear kernel is similar to LR,

Declarations of interest: none.

Author contributions: M.P. and J.B. conceived the original discussion,
Y.G. and I.B. contributed to the discussion from biostatistics and epidemi-
ology perspectives. M.P. and J.B. wrote the initial version. All authors
revised the article carefully.

minimizing the hinge instead of logistic loss [7]. A naive
Bayes classifier can be considered a particular case of LR
[8]. In an artificial neural network, a single-layer neuron
with sigmoid activation is also LR [9].

We agree with the authors that theory-driven modeling
differs from abductive data-driven discovery [10]. Howev-
er, in the LR/ML definition given by Christodoulou et al.
it is debatable that regularization and boosted/bagged LR
are included in the LR family, whereas generalized esti-
mating equations are kept separate, as well as linear/
nonlinear SVM approaches are pooled together. Further-
more, optimization methods such as genetic algorithms
seem to be mixed up with prediction.

We also think that study design should be more of a
defining element. Differences in study design can be instru-
mental in determining why and how an approach is chosen.
A stratified study might be better approximated by a linear
model than a general population sample. As mentioned in
the review, the number of predictors and sample size can
affect the model applicability and performance; of note,
the review compared risk of bias rather than performance.

Given these overlaps of ML and (bio)statistical ap-
proaches, a more useful categorization can be linear vs.
nonlinear (including higher order interactions in LR) [11,12]
or model ranking by complexity [13]. After all, clinicians
tend to prefer parsimonious, interpretable models such as
linear scores or decision rules with few variables as opposed
to black boxes calculating nonlinear functions of many predic-
tors [ 14,15]. We interpret Brian Ripley’s “machine learning is
statistics minus checking of models and assumptions” (useR!
2004, Vienna) as granting ML a broad, computationally em-
powered scope, yet necessarily rooted in well-founded causal
inference, not isolated, specious prediction.
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Statistics versus machine learning: definitions are ‘E
interesting (but understanding, methodology, and
reporting are more important)

We thank Bian 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-
diction modeling 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-
ing of a multivariable prediction model 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 1955 at the Berkeley Symposium on Mathematical Statistics
and Probability [2]. This inspired the development of penalized
linear regression methods 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 Naive 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 balance with the amount
of data and subject knowledge available.
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