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Abstract

Random forest classification is a supervised method that has many advantages over other multivariate
methods: it is non-parametric, it isinvariant to transformation, and it does not overfit the data, requires no
variable selection, and it isfairly easy to implement in R. In particular, it works well with data from the —
omics sciences such as genomics and metabol omics where the number of variables (p) is much greater
than the number of subjects (n), i.e., where “p >> n.” The out-of-bag error (OOB error) is agood estimate
of future performance. However, when the data consists of matched-pairs, such as cancerous and benign
tissue from the same subject or time course data, the OOB-error can be severely pessimistic, especially
when the intra-subject correlation is very high. In some cases the OOB-error is 100%, indicating perfect
misclassification, when the true misclassification is much lower. Additionally, with the computations of
variable importance, noise variables with high intra-subject correlation rank lower than those with low
intra-subject correlation. We perform an extensive simulation study in order to compare cross-validation
techniques for improving the estimate of the error; and we compare different sampling techniques when
building the forest to improve the estimate of the error, as well asimprove the predictive ability. We also
compare the methods on a human metabol omics study. Computing the residuals for each subject
performed the best, but has problems with practical application. Sampling by subject performed well, but
was comparabl e to the standard random forest. L eaving one-subject-out cross-validation corrects the bias
of the out-of-bag error.

Key Words: random forest, matched pairs, -omics sciences, metabolomics

1. Introduction

Random forest classification (Breiman, 2001) is an ensemble method based on combining alarge number
of classification trees. An example of such adecision tree for the variable x is the following: if x > 1, then
it is classified as “A,” and classified as “B” otherwise. For each tree, a subset of the observationsis used
to build the decision rule (the “in-bag” samples), while the remaining samples are used to determine the
final prediction (the “out-of-bag” samples). The final classification is based on the mgjority of the
“votes,” e.g., if an observation is classified as “A” in 55% of the trees for which it was an out-of-bag
sample and classified as “B” in the remaining 45%, its final classification is “A.” Thus, the fina
classification for an observation is based only on decision trees where it was not one of the samples that
created the decision rule. The out-of-bag error (OOB error) is computed as the classification error. Also
for each tree, only a sample of the variablesis considered at each split in order to decrease the correlation
between treesin the forest.

Random forest has many advantages: it does not overfit the data, it isinvariant to transformation, it is
non-parametric, it requires no variable selection, is easy to implement in R (R Core Team, 2014), and
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works well even when the number of variables, p, is much greater than the number of observations, n.
This latter property makes it especially useful in the —omics sciences such as genomics (Amaratunga et
al., 2008; Chen and Ishwaran, 2012) and metabolomics (Gall et a., 2010; Schuler et al., 2014; Innopolito
et a., 2014). In these applications, arandom forest may be fitted to assess the ability to classify
observations in the data set, as well as predict the class statuses of new observations. Additionally,
random forest may be used as part of a biomarker selection process by using one of itsimportance
measures.

When there are technical replicates for each subject, i.e., two or more observations from each subject with
the same phenotype, the out-of-bag error (OOB-error) is often an underestimate, i.e., the error rate is too
optimistic. Thisistrue especially when there is high intra-subject variability relative to the total
variability, which resultsin high intra-subject correlation (1SC). For example, if subject 1 is “A” and has
two measurements that are very similar, every time one sample is an in-bag sampleit will correctly
predict the other sampleif it isin the out-of-bag portion. Methods for adapting the random forest or other
classification techniques have been proposed for this case. Brenning and Lausen (2008) propose using al
of the observations for each subject with subject-level cross-validation. This was applied to a glaucoma
data set where there were observations from both eyes. The subjects with the same phenotype for both
eyeswere used in thefinal analysis. Adler, Brenning et a. (2011) compare various bootstrapping
techniques for several multivariate classification techniques with application to the aforementioned
glaucoma data set. Adler, Popatov, and Lausen (2011) extend these methods to an arbitrary number of
observations per subject and apply the method to the glaucoma data set. In that paper, the aim is to predict
future observations from the same patient, rather than classification of observations from new subjects.
The glaucoma data set consisted of 61 variables and 372 subjects. Karpievitch et a. (2009) compare
random forest classification for the following cases. (1) unmodified, (2) subject-level averages, and (3)
subject-level bootstrapping (“RF++") with the RF++ method performing the best overall. The method
was then applied to a human serum cancer data set where the variables are MALDI-TOF ms data. Aswith
the previous proposals, the methods were applied to data sets where the phenotype is the same for all
measurements from the same subject; but unlike the glaucoma data set, the method was applied to adata
set with alarge number of variables and a small number of subjects (38 subjects, 507 spectra). The
subjects had varying numbers of technical replicates (7 to 24).

When the observations from the same subjects have different phenotypes; for example, when collecting
tissue samples, there may be one tissue sample collected from a cancerous portion of the tissue and the
other sample is taken from a noncancerous portion of the tissue. In this case, the OOB-error can severely
overestimate thetrue error, i.e,, it istoo pessmigtic. If there is no mean change and there is high ISC, then
it can be the case that the out-bag observations are all misclassified for agiven tree. An exampleis shown
inTable 1. Heretherule: x< 1.6, then “B,” else “A” correctly classifies all the in-bag samples, but each
out-of-bag sampleisincorrectly classified. Thisisaresult of the strong similarity between two
measurements from the same subject. Furthermore, when random forest randomly selects the variables to
consider for each tree, avariable such as this one would be chosen in building the forest because of its
strong performance on the in-bag samples.

The focus of this manuscript will be for the case when there are two observations per subject where each
observation has a different phenotype and then the number of variablesis much larger than the number of
observations. In contrast to some of the previously proposed methods, the accuracy of the methods will be
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assessed on the ability to predict new observations from different subjects, rather than the ability to assess
new observations from the same subjects (although the methods still apply). In addition to the accuracy in
predicting the status of new observations, the estimated accuracy from the OOB error and cross-validation
techniques will be compared. Furthermore, the importance of the variables will be compared for each
method. The permutation-based importance measure, rather than the GINI index will be used. The
simulated data sets reflect dimensions seen in metabolomics studies. Finaly, the methods are applied to a
human metabol omics data set.

2. Methods of Random Forest Classification of Paired Data

The methods we compare are listed below.

(1)

)

©)

Standard random forest, sampling with replacement.

Thisisthe same as the standard random forest except the same numbers of observations per
group (recommendation of Mitchell (2011)) are chosen for the in-bag samples for each tree.

Standard random forest, sampling without replacement

For the case where “p >>n,” it has been shown the OOB-error can be severely pessimistic (i.e.,
overestimates the error in predicting new samples) when sampling with replacement (Mitchell,
2011), so here, sampling is performed without replacement, and the same number from each
group is sampled for each tree.

a  Because of theissue shown in Table 1, leave-one-out cross-validation (LOO-CV) is
performed. Thisis performed asfollows: fit the random forest for all observations except
observation j, and then predict this observation. Repeat for al j. We expect thisto
produce identical resultsto the OOB error.

b. Leave-one-subject-out cross-validation (LOSO-CV) is performed. Thisis performed as
follows: fit the random forest using all observations except those from subject k. Then
predict al of the observations for subject k. Repeat for all k.

Random Forest on subject-adjusted residuals

For each subject, subtract its mean for each variable. Then fit the random forest on the residuals
using sampling without replacement and sampling the same number from each group. This
method will have limited utility in predicting the status for observations from new subjects, asthe
same type of adjustment would need to be performed for the unknown observations (i.e., we
would have to know that we have one observation per phenotype for a subject, but it is unknown
which iswhich). However, this method could be used for monitoring new observations from the
same subject, and this method can still be used for biomarker selection. Additionally, mislabeled
samples or outliers could still be detected.

a LOO-CV isperformed

b. LOSO-CV isaso performed
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(4) Split

Thisis similar to the method that was discussed in Addler, Brenning, et al. (2011), but it was not
applied to random forest because it is not available in the R-implementation, the “randomForest”
package (Liaw and Wiener, 2002). Here, we perform the method as follows: split the datain half,
so that there is one observation per subject in each half. Fit arandom forest on one of these
halves, and then predict these values. Repeat this process k times and use a mgjority rule across
al splitsto get the final classification. The importance is assessed by averaging the importance
across al k splits. Alternatively, for the same computation time, one could fit one forest on one
split and a separate forest on the other split, and then run k/2 splits. The final classification could
also be determined by averaging the votes for each split.

(5) Sub-sampling by Subject

Here the goal isto fit arandom forest by randomly sampling the individua similar to “Paired
(both)” from Adler, Brenning, et a. (2011) or the R++ method of Karpievitch et a. (2009). This
method was not applied to the random forest in Adler, Brenning, et a. (2011) because it is not
availablein the standard R-package. Although it is possible to modify the Fortran or C-versions,
we prefer the R-package (“randomForest”) asis, so we program thisin R by fitting a random
forest with one tree on half the individuals (thus all are the in-bag samples), then predicting the
remaining individuals (the out-of-bag). This process is repeated NT times, where NT isthe
number of trees. The “majority rules” method is applied to the votesin order to achieve the fina
classification. The permutation importance is also programmed in R to produce the same measure
produced by the standard package. In other words, to compute the importance for a given
variable, k, permute its values for the out-of-bag data for each tree. Then for each tree, j, compute
the difference in accuracy, &g = ag; — ag* where ay isthe original accuracy and ag* isthe
accuracy after the values of variable k are permuted. Let my represent the mean ey, across all NT
trees, and let s, represent the standard deviation of g4 acrossall NT trees. Then the importance of
variable kis given by m/(s/sqrt(NT)), where “sqrt” represents the square root function.

3. Simulation Study

For the ssimulation study, 400 normal random variables were modeled where there are two groups, “A”
and “B.” The variables for each group were modeled with the same covariance matrix. The numbers of
subjects simulated were the following: 6, 10, and 20 (12, 20, and 40 total observations). These dimensions
were chosen to represent metabolomic data, as animal studiestypically have fewer than 10 animals per
group, and smaller human studies may have groups of size 20.

Let o,° represent the intra-subject variance, and let 6° represent the total variance. Using basic statistical
theory (or as shown in Karpievitch et d., 2009), it is can be shown that the intra-subject correlation ISC =
oo’/c”. Let xj represent the values of a given variable for subject i, observation j, and group k (k = 1 for
group A and k = 2 for group B). The means for groups A and B, respectively, were set to { E(x;;) = 0 and
E(xij2) = 0}, { E(x;j1) = 0.24 and E(x;2) = O}, or { E(x;j1) = 0 and E(x;2) = 0.24} depending on the variable
and the run. For each variable Var(x;) = Var(xjz) = s?=0.3. Independent variables were used, aswell as
clusters of correlated variables.
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For the case of random noise, i.e., E(x;1) = 0 and E(x;,) = O for al 400 variables, the following sets of
ISCs are considered: (a) al O (two independent measurements per subject), (b) al 0.5, (c) dl 0.9, (d)
mixed: 40 variables each with intra-class correlations of 0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, i.e,,
variables 1-40 have intra-class correlation of 0, variables 41-80 have intra-class correlation of 0.1,
variables 81-120 have intra-class correlation of 0.2, ..., variables 361:400 have intra-class correlation of
0.9 . For (&) — (d) all 400 variables were independent. Since ISC = 6,%c%, o¢° = ISC*c. Thus, Cov(Xik,
X;4) = 6° = ISC*c?, and Cov(X, X;;%) = O for agiven variable.

For the case with differential variables, 10 variables were simulated with means with E(x;;;) = 0.24 and
E(xj2) = 0; and 10 variables were simulated to have means with E(x;;) = 0 and E(x;,) = 0.24. The
remaining 380 variables have no mean differences between the two groups, i.e., E(xj;) = 0 and E(x;2) = 0.
The same intra-correlations as (a) — (d) were considered. With (d) there was one variable with E(x;j1) =
0.24 and E(x;z) = 0 and one variable with E(x;1) = 0 and E(x;j,) = 0.24 for each of the ten sets of 40
variables. For (a) — (d) all variables were independent. Then case (d) was modified for correlated
variables. With each set of 40, there were five by five correlated blocks of 0.9, 0.8, 0.7, 0.5, and 0.25,
respectively, with the other 15 variables being independent. More specifically, for variables 1-40, all had
ISCs of 0. Variables 1-5 had pair-wise correlations of 0.9, variables 6-10 had pair-wise correlations of
0.8, variables 11-15 had pair-wise correlations of 0.7, variables 16-20 had pair-wise correlations of 0.5,
variables 21-25 had pair-wise correlations of 0.25, and variables 26-40 had pair-wise correlations of O.
For variables 41-80, each has ISC of 0.1, variables 41-45 had pair-wise correlations of 0.9, variables 46-
50 had pair-wise correlations of 0.8, etc. For the correlated variable case, there were 17 variables with
E(xj1) = 0.24 and E(x;2) = O: variables 46-50, 115, 221-225, 355, 361-365, and there were 13 variables
with E(x;1) = 0 and E(x;j2) = 0.24: variables 30, 176:180, 192, 279, 291-295.

Methods (1) — (5) were applied to sets of 6, 10, and 20 subjects and for each ssimulation run, the random
forest was then applied to a “test” set with the same data structure (so each subject has one observation
from “A” and one observation of “B”). A total of 250 simulation runs were performed for each
combination and 1,000 trees used for each method. For the “split” method (4), k = 100 splits were taken
for each run. All simulations were performed in Rversion 3.0.3 (R Core Team, 2014) with the
randomForest package (Liaw and Weiner, 2002).

4. Simulation Study Results

We assess and compare the following for the methods under consideration: (1) the estimate of the error
for new data, as given by the OOB error or one of the cross-validation methods, (2) a comparison of the
actual error for new data as determined by the average error for the test sets, and (3) a comparison of the
importance measures. For the no mean case, the results were similar for all samples sizes, so just the
resultsfor n =6 are shownin Table 2. All methods had predictive accuracies of 50% on the test sets, as
desired. However, the OOB errors were severe over-estimates for some methods. For the standard random
forest with either with or without replacement, the errors were often over 95% and in some cases were
100% (perfect misclassification). These were errors increased with the increasing | SC. This was expected
as discussed previoudy (example from Table 1). The bias was the same for LOO-CV, which was
expected, but LOSO-CV correctsthis bias.

The method with the residuals produced OOB errors that were extreme underestimates of the error for
predicting new observations. This occurs because subtracting the mean forces resultsin ISC = -1 for the
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residuals, regardiess of theinitial correlation. Let X, and Xg represent the values of a variable for the two
groups ordered by subject. Then residuals are (Xa — (Xa + Xg)/2) = (Xa - X)/2 and (Xg — (Xa + Xg)/2) = -(Xa
- Xg)/2. The correlation of (Xa - Xg)/2 and -(Xa - Xg)/2 is equal to -1. Hence, trees of noise variables could
appear to separate depending on the samples chosen. This bias was corrected by applying LOSO-CV, but
not LOO-CV.

In terms of the variable importance we can see the effect of various 1SCs by comparing the average
importance for the “mixed” case (40 variables each with ISCs of 0, 0.1, ..., 0.9). Figure 1 shows these for
the no mean case for n = 20 subjects. We can see that the residual and split method have similar
importance for all variables regardless of 1SC, while the standard random forest has higher importance for
lower |SCs, while the subject-sampled random forest has higher importance for higher 1SCs. This follows
for the reasonsillustrated in the exampleillustrated in Table 1.

For the cases with differential variables, the same biases were seen for the OOB-error for the standard
methods and the residual method, and as with the no mean case, LOSO-CV performswell in correcting
this. The results are shown in Figure 2. There is no improvement in accuracy when sampling with
replacement compared to sampling without replacement. The split method and the sampling by subject
methods performed similarly to the standard random forest with the sampling by subject performing
slightly better for the case where al ISCs were 0.9. Even though the OOB error was severely optimistic
for the residual method, its actual accuracy on the test sets was much better than the other methods. This
biasin the OOB error isaresult of the induced correlation discussed previoudy. Furthermore, to apply to
the test set, the subjects had to be known in order to compute the residuals, while for the other methods
which observations belonging to which subjects did not need to be specified. This effect can also be seen
in the average importance for each variable (see Figure 3), as here the variables with the highest 1SCs
were more important, as this large source of variation has been removed.

5. Dataapplication

This data set was originally used for internal validation experiments where EDTA -plasma samples were
collected from 42 in-house volunteers. Samples were taken under both fed and fasted conditions. There
were three subjects with only one measurement, and these were removed from the analysis. Mass
spectrometry (L C/ms) was used to measure the metabolites — more detail on this mass spectrometry
platform is described in Evans et al. (2014). The samples were al run in one batch on the instruments, and
thus no normalization was performed. Any metabolite not present in at least 50% of the samples was
removed from analysis. Of the remaining metabolites, any missing values were assumed to be below the
limit of detection and were imputed with the observed minimum (on a per metabolite basis). Although the
study was not run in order to test fed vs. fasted, we are performing this analysisto illustrate the
aforementioned methods.

The following methods were applied: (1) standard random forest, sampling without replacement, LOSO-
CV to estimate the error, (2) split method, (3) sampling by subject, (4) residual with LOSO-CV. The
results are shown in Table 3. The standard, split, and subject-sampling methods produced the same error
rates. Although the residual method performed the best, it is not applicable to a new a data set unless we
know that each subject had two measurements, one fed and one fasted. The variables ranked asimportant
also differ for the methods.
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The variable importance values for the various methods are shown in Figure 4. Each method is compared
to the standard method, so values below the line y = x indicate importance values lower for the same
variable, and those above the line indicate values that are higher. From Figure 4, it can be seen that the
method where the subjects are sub-sampled produces very similar results to the standard random forest.
The split method produces consistently lower values, but the ranking is similar. The residua method
differed the most from the others. From the simulation study, we expect the biggest differences for those
with the highest 1SC, with the residual method having higher values for strong variables with high ISC.
One example of thisis paraxanthine, which is a caffeine metabolite. I1ts ISC = 0.86. The importance
measures for the standard, residual, split, and subject-sampling methods are 3.8, 10.9, 0.9, and 4.6,
respectively. We see that the importance for the residual method is much higher than the standard for this
variable, while the split method is much lower, as expected

6. Discussion

Through an extensive simulation study and application to real data, we see that OOB error for the
standard random forest is an overestimate of its predictive error in future data, i.e., the error rate istoo
pessimistic. However, performing LOSO-CV eliminates this bias. The standard random forest does not
take into account the paired structure of the data. Thus, one solution would be to create subject-adjusted
data, such as computing the simple residuals. This method produces OOB errors that are underestimates
of itstrue predictive errors; however, this biasis eliminated by performing LOSO-CV. This method has
stronger predictive ability over all the other methods, but suffers from alack of applicability to new data
setsin many situations. However, it can still be useful for biomarker selection and determining outliers.
Another solution is to sample one observation from each subject, fit the random forest, repeat, and then
aggregate the results. Here the data are now independent, but only half the data is being used for each
split. However, its predictive ability is comparable to the standard random forest. Furthermore for the
split method, the importance is not affected by the ISC, while the standard forest gives higher rankings to
those with low ISCs and the residual method gives higher rankings to those with higher 1ISCs. Another
natural solution to thisissue isto randomly sample the subjects. This option is not currently availablein
the standard R-package, but we have developed code in Rfor this. Its error estimate needs no further
adjusting. Itstrue predictive ability is comparable to the standard random forest. Because the code was
written in R, rather than modifying the C or Fortran, this may take substantively longer to run, depending
on the size of the data set and the number of trees. Thus, it may be preferable to ssimply run the standard
random forest and estimate the error with LOSO-CV or run the split method.
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Tablesand Figures

Table 1. Example of aclassification tree with high ISC — all the in-bag samples are correctly classified,
but all of the out-of-bag samples are incorrectly classified.

SUBJECT ID Xx G STATUS PREDICTED
1 20 A IN
1 21 B OUT A
2 04 A OUT B
2 03 B IN
3 30 A IN
3 31 B OUT A
4 10 A OUT B
4 12 B IN

Table 2: Error Rates for the No Mean Case, Simulation Study, n=6

ISC METHOD OOB Error LOO-CV  LOSO-CV  Test Set Error
alo subject-sampling 0.49 0.50
alo resd 0.00 0.00 0.51 0.52
alo split 0.51 0.50
alo standard 0.53 0.51 0.47 0.51
alo standard wReplace 0.62 0.50
al 0.5 subject-sampling 0.51 0.52
al05 resd 0.00 0.00 0.48 0.51
alos gplit 0.50 0.50
al 0.5 standard 0.97 0.97 0.52 0.52
al 0.5 standard wReplace 0.98 0.50
all 0.9 subject-sampling 0.50 0.50
al09 resd 0.00 0.00 0.52 0.51
al 0.9 gplit 0.50 0.50
al 09 standard 1.00 1.00 0.50 0.50
all 0.9 standard wReplace 1.00 0.51
mix subject-sampling 0.48 0.49
mix resid 0.00 0.00 0.48 0.51
mix split 051 0.50
mix standard 0.94 0.95 0.51 0.51

mix standard_wReplace 0.97 0.50
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Table 3: Error Rates for Random Forest M ethods on the M etabolomics Data Set

Method

Standard (OOB)

Standard (LOSO-CV)

Split

Subject-Sampling

Residual (LOSO-CV)

Error

0.155
0.095
0.095
0.095

0

Figure 1: Comparison of Average Importance, No Mean Case, n=20, mixed ISC
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Figure 2: Comparison of error rates on the test sets
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Figure 3: Comparison of Average Importance, n=20; 40 differential independent variables
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Figure 4: Comparison of Variable Importance, Human Metabolomics Data
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