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In a recent paper, we assessed the ability of several classification
algorithms (logistic regression, random forests, boosted regression,
support vector machines, and classification tree analysis [CTA]) to
correctly not identify a relationship between the dependent variable and
ten covariates generated completely at random. Only classification tree
analysis correctly observed that no relationship existed. In this study, we
examine whether various randomly derived subsets of the original
N=1000 dataset change the ability of these models to correctly observe
that no relationship exists. The randomly drawn samples were 250 and
500 observations. We further test the hold-out validity of these models
by applying the generated model’s logic onto the remaining sample and
computing the area under the receiver operator’s characteristics curve
(AUC). Our results indicate that limiting the sample size has no effect on
whether classification algorithms correctly determine that a relationship
does not exist between variables in randomly generated data. Only CTA
consistently identified that the data were random.

Table 1: Initial Results1 for N=1000

Predictive accuracy achieved using CTA was
recently compared with accuracy obtained by
other classification algorithms including logistic
regression (LR), random forests (RF), boosted
regression (BR), and support vector machines
(SVM).1 In that study, an artificial dataset was
constructed with 500 “group 1” and 500 “group
2” observations as well as ten randomly generated continuous covariates (attributes)—which
by design have no correlation with the binary
dependent (class) variable. Of all the algorithms
tested only CTA correctly failed to discriminate
between groups using random covariates.

Model AUC LCL UCL
Logistic 0.567 0.531 0.602
BR
0.795 0.768 0.823
SVM 0.571 0.537 0.605
RF
1.000 1.000 1.000
CTA
-------------------------------------------Note: AUC=Area Under (ROC) Curve
(0.50=chance, 1.0= perfect accuracy);
LCL=Lower 95% Confidence Level;
UCL=Upper 95% Confidence Level;
dashes indicate no model was obtained.
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The present study examines whether this
finding holds in smaller samples (and hold-out
validity) for random samples of 50% (N= 500)
and 25% (N=250), randomly drawn from the
original sample of N=1000.1
The N=250 subsample, which is treated
as a training sample and is used to create new
models by each method, was created by randomly drawing 250 observations from the original sample (with roughly equal sizes per group).
The remaining N=750 cohort was treated as a
hold-out sample and used to assess the crossgeneralizability of the training model when used
to classify an independent random sample.2
The N=500 subsample, similarly treated
as a training sample and used to identify new
models by each method, was created by randomly drawing 500 observations from the original sample (with roughly equal sizes per group).
The remaining random N=500 cohort was
treated as a hold-out sample and used to assess
cross-generalizability of the training model.

The LR, RF, BR, SVM and CTA classification algorithms were applied to the N=250
and N=500 samples. In all models, ten covariates (attributes) were used to predict class status
using the default parameters of the respective
algorithm. A receiver operating characteristics
(ROC) analysis was then conducted with actual
class status used as the reference variable and
predicted probabilities from respective models
used as the classification variable. Area under
the ROC curve (AUC) ranges from 0.50 to 1.0:
a model yielding perfect discrimination of the
two groups has AUC=1.0, and a model unable
to predict group (class) status has AUC=0.50.3
Statistically significant training models
were used to classify the remaining sample (of
750 and 500 observations, in the N=250 and
N=500 hold-out samples, respectively).2
All machine learning models but CTA4
were implemented by Stata statistical software
version 15.1 (StataCorp, College Station, TX)
with the following user-written packages;
randomforest, svmachines, and boost.

Table 2: Training and Hold-Out Analysis Results

Model
LR 250
LR 500

In sample
(Training)
AUC
LCL
UCL
0.623 0.553 0.692
0.579 0.529 0.629

Out of sample
(Hold-Out)
AUC
LCL UCL
0.498 0.457 0.539
0.549 0.498 0.599

BR 250
BR 500

0.831
0.815

0.779
0.777

0.882
0.852

0.484
0.491

0.443
0.440

0.526
0.542

SVM 250
SVM 500

0.633
0.580

0.565
0.531

0.702
0.629

0.502
0.548

0.460
0.498

0.543
0.597

RF 250
RF 500

1.000
1.000

1.000
1.000

1.000
1.000

0.502
0.526

0.461
0.475

0.544
0.577

CTA 250
CTA 500

-----

-----

-----

-----

-----

-----

---------------------------------------------------------------------------------------------------------Note: AUC=Area Under (the ROC) Curve (0.50=chance, 1.0= perfect accuracy); LCL=
Lower 95% Confidence Level (bound); UCL=Upper 95% Confidence Level. CTA
was unable to identify a training model thus no hold-out analysis is possible.
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Results of training and hold-out analyses
are summarized in Table 2. As occurred in the
initial N=1,000 experiment1, CTA was the only
algorithm evaluated which correctly identified
that the data were random: no model could be
generated for the N=250 or N=500 samples
because no relationship exists between the
covariates and the class variable. If there is no
training model, then no hold-out validity
analysis is possible.
And, conversely, as also occurred in the
initial N=1,000 study, all four other algorithms
generated models which discriminated between
the two class categories using the covariates, in
both the N=250 and N=500 samples (Table 2).
However, no training models were validated in
hold-out reproducibility analysis, as the LCL of
AUC dropped below 0.50. The latter finding
reaffirms the importance of conducting crossgeneralizability analysis to assess the potential
reproducibility of the finding.5-7 In light of the
chaos that jackknife instability creates8,9 in a
classification tree model, and the objective to
identify reproducible effects, CTA models are
generally constrained to only retain attributes
stable in LOO analysis in the model.4
This paper supports the results derived in
our previous analysis1, identifying an important
limitation of popular machine learning algorithms used for predicting binary outcomes
(e.g., propensity scores). That is, they are likely
to find relationships between variables which
really don’t exist, regardless of sample size.
These results should be independently
replicated, and the limits of this phenomenon
probed. For example, future research should
evaluate the influence of the number of random
attributes made available to algorithms, number
of significant digits (scientific precision) of the
attributes, and number of class levels in the
model, in affecting training AUC. Additionally,
research should investigate applications involving randomized categorical attributes with different numbers of levels.

These findings also provide one more
reason why we strongly advocate using ODA
and CTA frameworks to draw causal inferences
about treatment effects in both observational
data and in data from randomized controlled
trials.2, 3-26 Now, more than ever, it is time to
consider revising the guidelines for how health
improvement interventions are evaluated.27,28
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