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Abstract

Objectives: As diary, panel, and experience sampling methods become easier to implement, studies of development
and aging are adopting more and more intensive study designs. However, if too many measures are included in such
designs, interruptions for measurement may constitute a significant burden for participants. We propose the use of feature
selection—a data-driven machine learning process—in study design and selection of measures that show the most predictive
power in pilot data.

Method: We introduce an analytical paradigm based on the feature importance estimation and recursive feature elimina-
tion with decision tree ensembles and illustrate its utility using empirical data from the German Socio-Economic Panel
(SOEP).

Results: We identified a subset of 20 measures from the SOEP data set that maintain much of the ability of the original data
set to predict life satisfaction and health across younger, middle, and older age groups.

Discussion: Feature selection techniques permit researchers to choose measures that are maximally predictive of relevant
outcomes, even when there are interactions or nonlinearities. These techniques facilitate decisions about which measures
may be dropped from a study while maintaining efficiency of prediction across groups and reducing costs to the researcher
and burden on the participants.

Keywords: Big data methods—Feature selection—Longitudinal analysis—Measurement—Study design

Feature Selection Methods for Optimal & Stone, 2004), daily and momentary experience sampling
Design of Studies for Developmental Inquiry (Mehl & Conner, 2012), and automated computer vision
(e.g., Brick, Hunter, & Cohn, 2009) or wearable sensor sys-
tems (e.g., Intille, 2012) opens the possibility for new, pop-
ulation-scale study paradigms (Gerstorf, Hoppmann, &
Ram, 2014). These new technologies provide opportunities
to obtain larger and more diverse samples and to more pre-

Developmental researchers have often prioritized the use
of longitudinal designs. In recent years, advances in tech-
nology and computation have made it possible to obtain
more and more frequent assessments from more and more

persons. Creative merging of large-scale annual or biennial

panel studies (e.g., Headey, Muffels, & Wagner, 2010) with cisely track and study change. Looking forward, however,
we see that as reach expands, participants may feel increas-

more intensive collection methods, including day recon- ) ) “
ingly burdened, drop out of studies, never participate, or

struction method (Kahneman, Krueger, Schkade, Schwarz,

© The Author(s) 2017. Published by Oxford University Press on behalf of The Gerontological Society of America. All rights 113
reserved. For permissions, please e-mail: journals.permissions@oup.com.


mailto:tbrick@psu.edu?subject=

14

Journals of Gerontology: PSYCHOLOGICAL SCIENCES, 2018, Vol. 73, No. 1

quit halfway through a questionnaire. Efficiency of assess-
ment will be key. Cost per participant must also be kept in
check as the number of participants or number of assess-
ments increases. For example, taking an annual survey to
the monthly time scale likely requires at least 1/12 reduc-
tion in length, if not more. In this article, we illustrate how
data-mining methods, specifically feature selection meth-
ods, may be used to optimize item selection—to maximize
prediction with a shortened assessment protocol.

With limited resources and limits on participant toler-
ance, there is great incentive for researchers to precisely
determine which of many possible measures warrant inclu-
sion in data collection and analysis. Such a vital question in
methodological design must consider the study’s theoretical
frameworks and past literature in the context of feasibility
metrics such as the costs and benefits of each measurement
instrument and the burden in terms of time, effort, and dif-
ficulty for the participants. As options for viable measures
proliferate, it becomes increasingly time consuming for
researchers to select an optimal combination of measures
by hand. For example, the German Socio-Economic Panel
(SOEP) data set (SOEP, 2015) contains thousands of meas-
ures across tens of thousands of individuals. An exhaustive
search of all possible combinations of 10 measures from
the set would take a very long time. One solution is to turn
to automated model selection approaches.

Feature Selection and Feature Importance

The aim of feature selection is to inform decisions about
which measures (“features” in machine learning parlance)
in the data set should be included in data collection or
analysis to optimally predict the outcomes with a mini-
mum number of predictors. When designing a new study,
the determination of a statistically optimal model is only
the first part of a larger process. A wide range of other
concerns, such as the value of a feature from a theoreti-
cal perspective, the effort and cost required to measure it,
the generalizability of the measure across different partici-
pant groups (e.g., across younger, middle, and older adults),
the burden it places on those participants, and the rate at
which change is likely to be detectable, must all be exam-
ined in the context of the feature’s predictive power when
making selections. For example, the variables derived from
a blood draw may provide high predictive power for a vari-
ety of outcomes but may be quite expensive both in terms
of study funding and participant time (particularly when
dealing with a fear of needles). A set of 10 self-report meas-
ures, with collectively lower burden than the blood draw,
may have more total value, even if the individual measures
themselves have significantly lower predictive value. The
goal of feature selection is to find the design that provides
maximum predictive power while accounting for these
pragmatic concerns.

For illustration, consider a simplified case where we
begin by fitting a simple regression model wherein one
single outcome is regressed on 1,000 predictors. The study

might be simplified by identifying the 50 predictors with the
highest regression coefficients and only using these 50 vari-
ables in a follow-up study. This is the basic idea of feature
selection. A slightly more intricate form of feature selection
uses a backward selection process (e.g., Hocking, 1976).
We begin with a complete model and proceed stepwise by
identifying the predictor with the lowest ¢ value, running
a significance test to check if removing that variable sig-
nificantly reduces predictive power. If predictive power is
reduced, the predictor would be retained, if not, the vari-
able would be removed. After many steps, an optimal set of
predictor variables set is obtained. A variety of approaches
targeted at the selection of an optimum model from a set of
predictors have been in the literature for decades (Cattell,
1966). In recent years, more advanced and computationally
heavy approaches have become available, including SEM
trees (Brandmaier, von Oertzen, McArdle, & Lindenberger,
2013), Group Iterative Multiple Model Estimation
(GIMME; Gates & Molenaar, 2012), various approaches
based on Bayesian modeling (e.g., Bayesian SEM; Muthén
& Asparouhov, 2012) and power equivalence metrics (e.g.,
von Oertzen, 2010; von Oertzen & Brandmaier, 2013).
Feature selection for study design tackles a similar problem
using approaches from the data mining and machine-learn-
ing literatures but is specifically targeted at the selection of
measures that maximize predictive power while managing
pragmatic problems such as cost and participant burden.

Feature Selection for Study Design

We propose the use of feature selection techniques in the
design of new studies or addition of intensive assessment
modules to existing studies. Feature selection is a data-
driven technique, wherein important features are iden-
tified using some already available (e.g., pilot) data. As
such these techniques will be particularly useful in situa-
tions where existing large-scale studies are being extended,
expanded, or continued. For example, feature selection will
be especially useful when determining which measures to
prioritize in follow-up waves of intervention studies, exten-
sions (e.g., refunding) of panel studies, spinoff studies that
closely examine one aspect of the larger data set, and when
determining which predictor variables should be included
in theoretical explorations (e.g., inductive theory building).

Our proposed method of feature selection for study
design uses two analytical tools: feature importance and
recursive feature elimination (RFE). Feature importance
is a value assigned to a given measure that quantifies
the contribution of that measure to the prediction of the
outcome. Recursive feature elimination is a process that
reduces a potentially very large number of measures to a
more manageable subset that retains predictive value in a
given predictive model. We will use decision tree ensembles
(DTEs) as the predictive model for this task because of
their computational efficiency and ability to capture non-
linear interactions among the predictors (e.g., Johnson &
Zhang, 2014).



Journals of Gerontology: PSYCHOLOGICAL SCIENCES, 2018, Vol. 73, No. 1

115

Analytic Tools

Feature importance is a quantification of the contribution
of a given feature to the effectiveness of a model. Just as
there are a number of ways to quantify the overall effective-
ness of a model, there are many ways to quantify feature
importance. For example, feature importance in a regres-
sion model might be quantified in terms of the ¢ value
used to compute the predictor’s level of statistical signifi-
cance (see, e.g., Bursac, Gauss, Williams, & Hosmer, 2008;
Guyon & Elisseeff, 2003). Features with higher ¢ values
would have higher importance. Generalizing across many
types of prediction tools, feature importance can be quanti-
fied by selecting a goodness-of-fit (e.g., R?) measure and
quantifying the contribution to that measure via permuta-
tion testing. We shall use this general approach here.

In permutation testing, the model (e.g., DTE) is first fit-
ted with the entire set of measures and a fit statistic (e.g.,
residual squared error, R?) is computed. Then, the rows of a
single measure are scrambled repeatedly (e.g., 1,000 times)
to create pseudo-data sets in which the correspondence
between that measure and the outcome is broken but the
distribution of the measure remains intact. The same pre-
dictive model is fitted to each of these pseudo-data sets to
provide a distribution of the fit statistic. The importance of
the chosen measure is the difference between the fit statistic
computed with the actual data and the mean fit across these
pseudo-data sets. Feature importance therefore assigns to
each measure the unique contribution that the measure
provides to prediction in the context of the other measures
(see, e.g., Edgington, 1995 for more information).

RFE is a model selection approach with many similarities
to the traditional backward-elimination approach to model
selection (see, e.g., Kubus, 2014). In the stepwise regression
case, we would begin with a single regression model con-
taining all the predictors of a given outcome and at each
step remove the one with the lowest # score until some fit
criterion, such as Akaike Information Criterion (AIC), was
minimized. RFE similarly begins with a model containing
all possible predictors. At each step, a measure of feature
importance is computed for each predictor. A subset of fea-
tures with the lowest importance is removed and the pro-
cess is repeated on the smaller model until some minimum
number of features or minimum level of fit is reached. The
result is a model with a minimal number of features but
which retains as much predictive power as possible. RFE
ensures generalizability and protects itself against prob-
lems commonly associated with stepwise regression (e.g.,
overfitting) using cross-validation techniques such as k-fold
cross-validation (e.g., Stone, 1977).

DTE, such as random forests (Breiman, 2001) or boosted
regression trees (Friedman, Hastie, & Tibshirani, 2000) pro-
vide a robust and flexible prediction framework that can be
used for feature selection. A DTE is a collection of decision
tree prediction models, such as Classification and Regression
Trees (CARTs; Breiman, 1984), C4.5 trees (Quinlan, 1996),
or Conditional Inference trees (e.g., Hothorn, Hornik, &

Zeileis, 2006), each of which indicates the hierarchy of pre-
dictors and thresholds that provide for optimal prediction
of a given outcome. By combining the predictions of a set of
decision trees into an ensemble (e.g., a forest), DTEs become
more robust and more generalizable than individual deci-
sion trees (Breiman, 1996, 2001). DTEs are well suited for
feature selection because they are capable of capturing non-
linear effects (such as quadratic or logistic effects), interac-
tions among measures, are computationally efficient, can be
quickly applied to large data sets, and are readily available
through free and open-source software. Particularly useful
for feature selection, DTEs can provide tree-unique feature
importance metrics like Gini impurity in addition to tradi-
tional fit statistics like R? and residual sum of squares (e.g.,
Gromping, 2009; Strobl, Boulesteix, & Augustin, 2007).

The Present Study

In this article, we illustrate how feature selection may be
useful for designing studies in developmental and aging
research. As an example, we use the method to design a
monthly study of self-reported health and life satisfaction
by choosing a set of measures from the existing SOEP data.
Our goal is to select a small subset of measures that mini-
mize participant burden, maximize predictive power across
the adult life span (explicitly acknowledging that the pre-
dictors may differ for younger, middle, and older adults)
and whose relations with health and life satisfaction are of
scientific interest.

All the tools we use are freely available online. Specifically,
we use the statistical software language R (R Core Team,
2016) and the caret (Kuhn et al., 2016) and randomFor-
est (Liaw & Wiener, 2002) packages. Example scripts and
a walkthrough of the analyses performed in this article can
be found on the Penn State Quantitative Developmental
Systems website (http://quantdev.ssri.psu.edu).

Method

Measures for our hypothetical monthly study are selected
from the battery used in the SOEP Study (Headey et al.,
2010). Here, we illustrate how the data may specifically
inform design of a more intensive study. Comprehensive
information about the design, participants, variables, and
assessment procedures in the larger SOEP is reported in
Wagner, Frick, & Schupp, 2007. A brief overview of details
relevant to the present analysis is given below.

Data Source

The SOEP began in 1984 and now encompasses an annual
assessment of more than 20,000 participants and more
than 10,000 households that are nationally representative
(inclusive of immigrants and resident foreigners) of for-
mer West and East Germany. Potential households of par-
ticipants were randomly sampled from randomly selected
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geographic locations in Germany. Within each household,
all family members older than 16 years of age were eligible
for participation and recontacted each year for completion
of the annual survey. Initial response rates were between
60% and 70%, with relatively low longitudinal attrition
(about 15% for the second wave and less than 5% yearly
attrition across various subsamples). Data were primarily
collected via face-to-face interviews, with a small portion of
repeatedly sampled participants completing self-adminis-
tered questionnaires. Particularly relevant for our purposes
here, the annual survey captures a broad range of measures,
including objective economic measures (e.g., employment
status, income, and wealth), nontraditional objective con-
cept measures (e.g., doctor visits, physical health measures
such as height and weight), performance-based measures
(e.g., cognitive functioning), and subjective measures (e.g.,
tastes and traits, expectations, and well-being; Wagner
et al., 2007). In total, the core data set contains 506,401
records, with 65,595 persons, 30 survey years, and 2,454
variables.

Measures and Participants

The purpose of feature selection is to narrow the measures
of interest relevant for a particular inquiry. For this illustra-
tion, we engage with a subset of the data that is both suf-
ficiently large for meaningful analysis and sufficiently small
for didactic interpretation. Specifically, as detailed below,
we apply feature importance, RFE, and DTE to a subset of
598 variables/features obtained from 11,461 participants
in the 2013 data collection. As seen in the partial lists in
Figures 1 and 2, the 598 variable set that we use spans the
full range of topics addressed in the SOEP. Allowing for
age-related differences in feature importance, we divide the
sample into the following three age groups: younger = age
18-34 years (n = 2,746), middle-aged = 35-65 years
(n = 6,060), and older = 65-103 years (n = 2,655).

Data Analysis

Feature selection for study design is a model search pro-
cedure that combines automated selection tools (e.g.,
backward selection via recursive feature elimination) with
human expertise. The search returns an optimized model,
for example, a model that provides best prediction of sub-
jective health and life satisfaction with minimal experi-
menter cost and participant burden. In this section, we
outline the following five-step process for implementing
feature selection: (a) selecting an outcome variable or vari-
ables, (b) choosing a predictive model, (c) preprocessing
the data set to handle missingness and highly correlated
variables, (d) reducing the data set using a model selection
technique and ordering the remaining data columns by fea-
ture importance, and finally, (e) choosing the best features
based on the quantified feature importance and practical
concerns such as collection cost, theoretical focus, and

Feature Overall Middle Older

# doctor visits (3 mos) -
Sibling Yr of Birth -
Day of Interview -
# of close friends -
Month of Interview -
Satisfaction with Sleep -
Pers. Impulsiveness -
Willing to take risks -
Personal patience -
Occupation (ISC008) -
Method of Surve
2nd Sib. Yr of Birth -
Worry a lot -
Value Artistic Expression -
Satisfaction with Dwelling -
Hrs Sleep Workday -
Hrs Sleep Weekend -
Satlsfactlon w/life 10 rs -
ensu)n
Hrs Sunday Lelsure -
Distance to Work (km) -
Somewhat nervous -
Reserved -

Younger

Deal well with stress -
Satlsfactlon wilife (5 yrs) -
# people in household -

Hrs Saturday housework -
Hrs Saturday leisure -

Too coarse w/others -
Have lively imagination -
Am original -

Hrs weekday leisure -
Able to forgive -
Inquisitive -

Hrs Wkday housework -
# siglp days (pre yr) -
end to be lazy -

Am sociable -

Hrs Sunday housework -
# Sibs not in Germany -
Am communicative -
Marital Status -

Carry out tasks efficiently -
3rd sib yr of Birth -

Seek new job (next 2 yrs; -
Nights in hospital (last yr) -
Insurance Stafus -
Change jobs (next 2 yrs) -

Relative Importance for Prediction of Life Satisfaction

Figure 1. Relative feature importance of top 50 measures for the pre-
diction of life satisfaction in overall sample and three subpopulations
(younger, middle-aged, and older). Importance (length of bar) is shown
as a proportion of the highest importance in the subgroup. Bolded
entries (darker bars) indicate selected subset of measures.

participant burden. At each step, we provide instructions
on the choices to be made and recommendations on how
to make those choices.

Step 1: Identify Outcome(s) and Subgroups

Feature selection methods optimize with respect to predic-
tion of a researcher-specified target outcome(s). Thus, an
outcome variable must be selected. For example, and por-
tending the empirical illustration below, researchers might
prioritize prediction of individuals’ subjective health sta-
tus or self-reported life satisfaction. The feature selection
process is then applied with the goal of identifying the set
of features that together provide the best prediction of the
chosen outcome. If more than one outcome is to be con-
sidered in the study, it is best to jointly consider feature
importance for all outcomes when making the final meas-
ure selections (Step 5).

From a developmental perspective, it is important to
consider heterogeneity across subgroups with regards to
what constitutes the best predictive model. If there are
different predictors that hold bearing on each subpopula-
tion, it may be helpful to examine the importance of pre-
dictors independently within each subgroup and tailor the
final selection so that the measures deemed important span
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Feature Overall Middle Older

Satisfaction with Dwelling -
Satisfaction with Sleep -
ib Yr of Birth -

Month of Interview -
Marital Status -

Day of Interview -
Satisfaction wilife (10 yrs; b
# sick days (prev yr) -

Younger

# of close friends -
# doctor visits (3 mos; b
Seek new job (next 2 yrs) -
Personal Patience -
Pers. Impulsiveness -
Willing to take risks -
Sat. w/Life (next five yrs) -
2nd Sib. Yr of Birth -
Method of survey -
Deal well with stress -
Able to forgive -
Amt. Pension (EUR) -
Occupation (ISC008
Worry alot -
Distance to Work (km) -
Hrs Sleep Workday -
Hrs Sleep Weekend -
Hrs Sunday Leisure -
Am communicative -
Hrs weekday leisure -
Change jobs (next 2 yrs) -
end to be Lazy -
Reserved -
Too coarse w/others -
Value Artistic Experiences -
Hrs Saturday leisure -
Somewhat nervous -
# people in household -
Am original -
Nights in hospital (last yr) -
ave lively imagination -
3rd sib yr of Birth -
Hrs Weekday housework -l
Am sociable -
Inquisitive -
Hrs Saturday housework -
Worried about own health -l
Insurance Status -
Carry out tasks efficientlx -
Hrs Sunday Housework -
# Sibs not in Germanf\{ 1
Limits Daily Life fm Health - Il

Relative Importance for Prediction of Health Status

Figure 2. Relative feature importance of top 50 measures for the predic-
tion of subjective health status in overall sample and three subpopula-
tions (younger, middle-aged, and older). Importance (length of bar) is
shown as a proportion of the highest importance measure in the sub-
group. Bolded entries (darker bars) indicate selected subset of measures.

across subgroups. For example, if the predictive models for
life satisfaction are expected to be different for older adults
and younger adults (or clinical and preclinical populations),
these subgroups should be identified before model fitting.

Step 2: Select a Predictive Model and Choose a
Specific Predictor

Our recommended procedure for feature selection for
study design relies on the selection of a predictive model.
In principle, any statistical tool capable of finding associa-
tions among multiple variables (even simple regression; see
Gromping, 2007) may be used but the choice impacts what
types of associations are included in the resulting measures
of feature importance. Feature selection using regression,
for example, might remove a predictor that has limited lin-
ear predictive power and miss a quadratic or interaction
effect.

For more comprehensive coverage of associations, we
strongly recommend the use of a nonlinear prediction
model in the feature selection process. In this article, we
take advantage of decision tree ensembles. DTEs, rule-
based predictors, and other nonlinear classifiers are each
well suited for feature selection because they are capable of

finding nonlinear and interactive associations and they can
quickly and efficiently deal with data sets that contain large
numbers of both features and rows (see Auret & Aldrich,
2011). Alternatives, such as radial-basis support vector
machines or neural network predictors, may be particularly
useful in some cases where highly nonlinear interactions
are present.

If computation time is not a concern, it may be helpful
to employ more than one predictive model and compare
the results. For cases where computation time is limited, we
provide this general guideline: DTEs offer an excellent tool
for the general case. However, when working with high-
dimensional nonlinear data in continuous spaces, it may
be more appropriate to use a support vector machine (see,
e.g., Kotsiantis, Zaharakis, & Pintelas, 2006 for more).
Note that although DTEs are still capable of discovering
nonlinear associations, they may undercredit complex non-
linear associations (e.g., quadratic structures or high-level
interactions).

Step 3: Preprocess Data

As with other modeling frameworks, feature selection may
be biased by inclusion of highly related or nearly collinear
measures, large proportions of missingness, and measures
with large numbers of rare categories. As detailed below, we
recommend reducing or removing highly correlated meas-
ures, removing or imputing missing values, and removing
or collapsing rare categories before performing feature
selection. If there are variables in the data that have no rel-
evance to the question of study, they may also be removed
at this point. Unrelated variables will not bias the feature
selection process (although they may increase computation
time) and they can be removed equally well as part of the
manual selection of features in Step 5.

Transform highly correlated measures

Model selection procedures like RFE may be biased in
their selection of highly correlated measures (Guyon &
Elisseeff, 2003). Standard practice suggests there is reason
for concern if measures correlate higher than .8 or .9 (e.g.,
Kuhn, 2008). The importance scores reported by decision
trees and DTEs may overestimate the importance of these
highly correlated features (see Gromping, 2009; Strobl,
Boulesteix, Kneib, Augustin, & Zeileis, 2008), resulting in
biased reporting of feature importance scores. A researcher
selecting those highly correlated variables because of their
estimated feature importance scores might end up with a
selected set of features that had less predictive power than
anticipated because of this overestimation. We recommend
that researchers therefore transform or remove such meas-
ures feature selection approaches.

In behavioral data, high correlations may indicate that
the variables were designed to be indicators of a com-
mon factor. In such cases, reduction to a single-scale score
is appropriate, for example, by replacing the individual
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measurements with a single computed factor score. In cases
where two measures represent highly correlated constructs
but not aspects of a common scale, it is still possible to
reduce them to fewer scores using, for example, principal
components analysis. An alternative solution is to simply
remove the less-desirable measures (i.e., less reliable, more
difficult/costly to measure). If the measures contribute
nearly identical information to the prediction of the out-
come, the removal of one or the other is unlikely to nega-
tively affect the overall prediction of the model.

Reduce nominal variables with large numbers of rare
categories

Many data sets include nominal variables that have large
numbers of rare responses. For example, the SOEP includes
a question related to the heritage of the participant.
Responses include over a hundred different country names,
many of them reported by only one or two participants.
Although these variables will neither bias nor degrade the
results of feature selection, they may increase computation
time dramatically. For example, in a traditional regression
analysis, a nominal variable is frequently transformed into
a series of dummy-coded (0,1) condition variables. In a
model with 200 binary features, the addition of a single
nominal variable with 200 categories would effectively
double the number of features that must be searched. In the
use of a DTE, a similar problem occurs.

If data are plentiful, computation time is limited, and
the measure has no particular import, it may simply be
removed. Removal does eliminate the possibility of detect-
ing an interaction between the removed feature and other
predictors, although the more rare each case is, the lower
the power to detect such an interaction. As a result, it may
be more beneficial to reduce the number of nominal catego-
ries by collapsing, rather than removing the feature from
consideration entirely. For example, countries might be col-
lapsed into continents or an “other” category might be used
to hold all categories with very few responses.

When there are no theoretical concerns against it and
data are sufficient, we recommend collapsing categories in
any variable that contains more than about 10 responses,
or any response category that appears in fewer than 15
rows in a moderate-sized data set or with less than about
2% of the sample in a larger data set. If no single response
category appears in the data more than 15 times, there is no
meaningful way to collapse them, and computation time is
a concern, we recommend removal of the feature.

Handle missingness

There are several ways to deal with missing data. The
choice depends in part on the predictive model chosen in
Step 2. For example, it is possible to implement a version
of a DTE that is capable of handling missingness via meth-
ods such as surrogate splits (Hapfelmeier & Ulm, 2013;
Hapfelmaier, Hothorn, Ulm, & Strobl, 2014). Although
choosing or implementing a predictive model that is capable

of handling missingness natively is the best approach, many
predictive models do not have this capability and at time
of writing, many common suites of DTE software (e.g., the
R randomForest package; Liaw & Wiener, 2002) have not
implemented these techniques. Other standard methods for
handling missingness, for example, through multiple impu-
tation or, in the case of large data sets, listwise or blockwise
deletion are therefore also viable options. Readers are cau-
tioned that deletion carries with it all the usual possibilities
for bias if missingness is not completely at random (Little &
Rubin, 2002) and that multiple imputation approaches
may dramatically lengthen computation time.

Step 4: Compute Feature Importance Measures

Once the data set is ready, feature importance can be com-
puted for each subgroup and each outcome. In cases with
large numbers of predictors, such as our example below, we
first use an automatic model selection process to reduce the
number of variables before computing feature importance.
Specifically, we recommend running RFE to select a model
for each outcome with a number of measures that is two to
three times the final number of measures desired. This per-
mits human expertise enough freedom to choose the best
set from among the likely candidates. As described earlier,
RFE can use any measure of goodness of fit as a selection
metric. For continuous outcomes with DTEs or support
vector machines, we recommend RMSEA, R?, or AIC; for
categorical outcomes, prediction accuracy may be more
appropriate (see Forman, 2003; Menze et al., 2009; Olden,
Joy, & Death, 2004; Saeys, Inza, & Larrafiaga, 2007 for
evaluations of different metrics on data from several fields).

Once the set of measures is reduced, feature importance
can be computed for each remaining measure using per-
mutation testing. For each outcome, we recommend com-
puting the importance of each feature first for the overall
data set and then for each selected subgroup individually to
provide easy comparisons during Step 3.

Step b5: Select Features

The most difficult decisions must be made in the final step.
Although feature importance provides a quantification of
the value that each variable adds to the predictive power
of the model, it should not be used as the only input in the
process of feature selection for study design unless the sole
concern of the study is prediction. More commonly, a vari-
ety of other factors nincluding the technology needed to col-
lect the data, the likelihood of true responses, the cognitive,
effort, or time burden on the participant, the theoretical
value of the constructs, and the ease and cost of assessment
delivery should all be weighed along with the importance
measures. Candidate subsets chosen with these concerns in
mind can be evaluated using the same fitness measure used
by RFE to ensure that the final subset maintains reasonable
predictive accuracy after manual selection. Keep in mind
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that manual selection will almost always result in a lower
predictive accuracy than automatic selection, so some loss
of fit is expected (and indeed, required).

It is possible at this point to encounter problems overfit-
ting to the data, especially if several different subsets of fea-
tures are examined. Overfitting can be overcome through
the use of a holdout set, that is, the researcher may split the
data into two subsets before feature selection and use only
one subset throughout the feature selection process. When
an optimal set of features is chosen, it can be tested against
the withheld subset of data to validate the predictive power
of the feature set or additional cross-validation techniques
can be used (Blum, Kalai, & Langford, 1999; Kim, 2009).

Visualization of feature importance with plots is
extremely useful for the manual selection process. Feature
importance plots like Figures 1 and 2 make it easy to iden-
tify the most important measures and directly compare the
relative importance of each measure across subgroups. We
recommend that researchers work from the top of the list,
choosing measures that show at least moderate importance
for different groups, high importance for at least one group
and that require minimal burden on participants, experi-
menters, and the study budget. Further, priority should be
given to measures that are predictive of more than one out-
come in at least one subgroup. It is worthwhile to remem-
ber that feature importance is a measure of the predictive
accuracy of the feature, not a measure of the theoretical
importance of the underlying construct. For example, a
self-report question about social likeability may show high
importance in predicting life satisfaction even if it does not
actually correlate with social fluency, simply because peo-
ple with positive self-conceptions may rate themselves high
on likeability.

Results

In our illustrative example, the goal is to select a minimal
number of measures from the SOEP data for a more inten-
sive study of life satisfaction and subjective health across
the life span. We are interested in maintaining as much of
the predictive value of the full SOEP battery as possible
while acknowledging potential for age-group differences
and keeping participant burden minimal.

Step 1: Identify Outcome(s) and Subgroups

Using previous SOEP publications as our guide, we iden-
tified two popular measures as our primary outcomes: a
direct rating of satisfaction with life (PLH0182) and cur-
rent subjective health status (PLE008). Because we are
specifically interested in being able to examine age-related
differences, we identified and separated three subgroups in
the data, namely young adults (aged <35 years), middle-
aged adults (aged 35-65 years), and older adults (aged
>65 years). This allows identification of a set of measures
that are important for prediction in all three groups.

Step 2: Select a Predictive Model and Choose a
Specific Predictor

We first selected the predictive model on which we will
base our feature selection process. In this case, we expect
few nonlinear effects; so, we selected a DTE, implemented
using the randomForest package in R (Liaw & Wiener,
2002). Alternative, more simple, choices might include a
forward or backward selection multiple regression model.
An initial test using stepwise regression forward selection
approach to predict life satisfaction provides an R? of .67,
whereas the DTE (as shown in Table 1) showed an R? of
.78. Although not enormously different, the DTE results
illustrate the value of using a model that allows for non-
linear effects.

Step 3: Preprocess Data

For didactic simplicity, we began by limiting the analysis to
only those data collected in the most recent complete wave
in 2013, which we cast into a “wide” format, with one
row per participant. We removed one measure (PLH0166:
Expected satisfaction with life a year from now) as being
too highly correlated (r = .84) and conceptually overlap-
ping one of the outcomes of interest (life satisfaction). We
then identified all measures with more than 50 different
response categories (threshold based on potential imple-
mentation cost, e.g., difficulty of presenting large number
of response options in smartphone-based surveys). These
variables were all country- or occupation-related variables
that were unlikely to change month-to-month. Thus, we
removed them from consideration for our assessment.
Missingness was handled using blockwise deletion. We
marked participants who responded to more than 500
measures as “high responders” and removed any measure
missing for more than one-quarter of the members of this
group. This new set had very little missingness and so, we
used listwise deletion to remove any row that still con-
tained a missing value. The size of the SOEP is such that
this leaves us with a data set of 598 measures from each of
11,461 people, which we deem sufficient for our task.

Table 1. Predictive Power of Optimal Subsets With Different
Numbers of Predictors

DTE-estimated

DTE-estimated R? SE of R?
Number Life Life
of predictors satisfaction Health satisfaction Health
20 77 .66 .013 .025
50 77 .67 .014 .024
598 .78 .67 .013 .025
Selected 20 .34 .66 011 .008

Note: DTE = decision tree ensemble. Bottom row indicates the feature set
selected in this article.
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Step 4: Compute Feature Importance

With our data ready, we used RFE with a DTE separately
for each outcome (life satisfaction, subjective health status)
to automatically select an optimal set of 50 features based
on the overall improvement in the DTE-estimated R? meas-
ure. To accommodate the possibility that the most impor-
tant features may differ with age, we repeated this process
for each of our predefined age groups (younger, middle-
aged, and older). A partial list of the optimized measures is
shown in Figures 1 and 2. Table 1 shows R? measures for
predicting life satisfaction using optimal sets of 20 and 50
measures as compared with the original 598-feature sub-
set, as estimated by RFE. As is visible in the table, a large
number of the features contribute very little to the overall
fit of the model (e.g., via R?) and it is possible to identify
a small subset of measures that retains much of the pre-
dictive power (R? = .78 vs R? = .77 for 598 vs 20 predic-
tors, respectively, for life satisfaction). Our goal in this case,
however, is not to retain an optimal set of measures but to
choose a set of measures that has good predictive power
and is appropriate for a monthly survey design.

We quantified the feature importance for each measure
and each age group using permutation testing. Figure 1 (life
satisfaction) and Figure 2 (subjective health status) show the
feature importance of the 50 most predictive measures on
the entire data set and relative importance within each age
group. Feature importance, indicated by the length of the
bars, is shown relative to the most important measure shown
in that group. It can be seen that, for example, the number of
close friends is an important feature (relatively long bar) for
prediction of life satisfaction in the overall sample and that
the importance differs across the three age groups.

Step 5: Select Features

As a final step, we examined Figures 1 and 2 and selected
our optimal set of measures. Bringing in empirical and the-
oretical knowledge, we see that several of these measures
are not suited to being asked in a monthly survey because
of their slow rate of change. For example, sibling year of
birth should remain stable from month-to-month. Other
measures, however, such as the number of hours spent
working each day, are still likely to be useful in the context
of a monthly survey. As stated previously, the removal of
features that do not meet the theoretical needs of the study
can be performed in Step 3 to reduce computation time.

Of particular note in Figures 1 and 2 are the differ-
ences between younger, middle-aged, and older adults in
the importance various measures have for prediction. For
example, satisfaction with sleep and distance driven to
work are important for younger and middle-aged adults’
life satisfaction but less important for older adults, whereas
number of close friends is important among older adults
but not younger and middle-aged. Similarly, number of
days off work sick is primarily important only to middle-
aged adults’ life satisfaction.

Variability between groups in the importance of a pre-
dictor is indicative of an interaction between the feature
and the grouping variable. For example, limitations in life
due to health problems show high importance within each
group for overall health but lower importance in the over-
all sample. This can happen when the grouping variable
is an important predictor of the outcome, that is, there is
larger between-group variance than within-group variance.
The limitations feature is better at distinguishing subjective
health within a given group than between groups and its
contribution is small in the overall sample when compared
with other measures, which may distinguish both within-
and between-group variation. These differences highlight
the utility of considering subgroups in the feature selection
process.

Because the SOEP is delivered by interview and writ-
ten questionnaire, most of the questions available here are
based on self-report, which means that there are minimal
differences between measures in terms of participant bur-
den or cost of assessment. However, some small differ-
ences can still be considered. For example, day of interview
and month of interview are selected for inclusion in the
monthly survey because they have low burden relative to
predictive value.

The 20 predictors we selected for our final set are bolded
in the two figures. These are chosen through consideration
of feature importance (e.g., high importance for at least one
group on at least one outcome), ease of response, and like-
lihood of changing from month-to-month. For example,
satisfaction with sleep is chosen because of its high over-
all importance and hours of weekday housework because
of its importance to older adults. Limitations in daily life
is selected because, although health problems and worries
about health problems do not appear in the 50 most predic-
tive measures of life satisfaction, these measures are very
important for health status within each age group. Because
we will be running only one study, we must include features
important to both outcome and weight the relative benefits
of each measure to predicting each outcome against the
costs of additional features.

This reduced set of measures has lower prediction of
between-person differences in life satisfaction (R? = .34,
SE = 0.011) than does an optimal set of 20 measures
(R? = .77, SE = 0.008), as shown on Table 1 and main-
tains roughly this level across all age groups, as shown on
Table 2. We expect that this significant drop is due to our
decision to avoid purely between-person difference meas-
ures, such as sibling year of birth, from our set of questions.
Naturally, this reduces our ability to predict between-per-
son differences in life satisfaction. Were these our only out-
come, our selection should likely be revisited and expanded.
However, the same set of measures maintains almost all of
the predictive power of the 598-measure set for prediction
subjective health status (R? = .66 for selected; SE = 0.008,
R?=.67,SE = 0.024 for complete model) and so, we retain
it at this point.
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Table 2. Predictive Power of the Final Selected Set Using DTEs Across Different Age Groups

Young Middle-aged Older Overall

LS Health LS Health LS Health LS Health
DTE-estimated R? .28 47 .38 .61 35 .62 .34 57

Note: DTE = decision tree ensemble; LS = life satisfaction.

Ultimately, our selected set of measures keeps a reasona-
ble amount of predictive power for both outcomes, is small
enough that it can be answered every month, and consists
only of measures likely to vary month-to-month and whose
month-to-month variation likely reflects month-to-month
variation in life satisfaction and subjective health. This
minimal set will have a significantly reduced participant
burden without losing the important associations that will
potentially drive month-to-month predictive power.

Discussion

Selecting Features for Study of Satisfaction

With Life

With the goal of designing a short monthly survey, we
selected a small subset of features from the larger SOEP
battery that we expect will allow prediction of life satisfac-
tion and subjective health status. In doing so, we identi-
fied features with high predictive ability and examined how
predictive power differed across younger, middle-aged, and
older age groups.

The Feature Selection Approach

The process of feature selection provides a method for
quantifying the importance of a feature in terms of its pure
predictive power. By combining automated selection and
quantification approaches with human scientific and study
design expertise, the feature selection process provides new
possibilities for data-informed design of studies that fulfill
a wide array of requirements (e.g., low burden) without
significant sacrifice in predictive accuracy. As intensive data
collection approaches spread into new domains, we expect
that feature selection approaches can significantly shorten
the time needed for the development of intensive longitu-
dinal assessments, screeners for psychiatric disorders, risk
assessments for medical or behavioral problems (e.g., falls,
automotive accidents, or dementia), and the design of other
instruments where the tradeoff between predictive accu-
racy and instrument efficiency is important.

Cautions and Limitations

It is important to note that this article only touches the sur-
face of how feature selection procedures might be used. Our
example, based on the analysis of cross-sectional panel data,
provided a good testbed for and illustration of the method,

in part because the data were easily considered to be inde-
pendent and identically distributed scores obtained from a
nationally representative sample. When data include time
sequences (e.g., happiness measured daily for 2 weeks) or
multilevel data, these approaches should be modified both
to avoid bias and to capitalize on the predictive information
embedded in the repeated measures (e.g., intraindividual var-
iability). As with any data-driven approach, there is always
a risk of overfitting and finding spurious results. We recom-
mend using cross-validation techniques alongside human
expertise to minimize the risk that spurious correlations
cause inflated feature importance. For example, in the cur-
rent illustration, it would be possible to set aside a random
subsample of the data before beginning the feature selection
process and to test the predictive power of the selected set of
measures on that smaller data set to evaluate generalizability.

Our provided feature selection approach focuses on
the case where there are only a few outcomes of particu-
larly interest. The literature of feature selection, however,
includes some approaches known as multitarget feature
selection (see, e.g., Dhillon et al., 2009; Zhang, Yeung, &
Xu, 2010) in which a large number of outcomes can be
predicted simultaneously. The combination of these highly
data-driven approaches with human theoretical knowl-
edge, however, has yet to be explored. Future work may
also be needed to see if recent advances in theory-guided
exploratory approaches such as SEM forests (Brandmaier
et al., in press; Brandmaier et al., 2014) can be adapted into
solutions for multioutcome feature selection.

Conclusions

Feature selection approaches make it possible to combine
data-driven insights with substantive and practical exper-
tise to choose an optimal set of predictors for a study or
analysis. We expect that feature selection will also be useful
in areas where predictive ability is particularly important,
for example, in the development of risk assessments and
screening tools. Feature selection approaches can also pro-
vide important insights into the designers of intensive lon-
gitudinal studies where minimizing participant burden and
drop out is tantamount. This article provides one example
of feature selection, which is a broad subfield of machine
learning in its own right. As developmentalists make use of
more and more intensive data collection approaches, these
data-driven techniques for handling large-scale data and
selecting important features of note will become increas-
ingly valuable.



122

Journals of Gerontology: PSYCHOLOGICAL SCIENCES, 2018, Vol. 73, No. 1

Funding

This work was supported by the National Science Foundation
(IGERT 1144860), National Institute on Health (R01 HD076994,
R24 HD041025, UL TR000127, T32 AG049676), the Penn State
Social Science Research Institute, the German Research Foundation
(Grants GE 1896/3-1 and GE 1896/6-1), and German Federal
Ministry of Education and Research (InterEmotio/EMOTISK).

Acknowledgments

The authors thank the study participants for the time and effort that
they put into answering the very detailed SOEP study and also thank
the many people at the DIW who helped to obtain such rich data.

References
Auret, L., & Aldrich, C. (2011). Empirical comparison of tree

ensemble variable importance measures. Chemometrics and
Intelligent Laboratory Systems, 105, 157-170. doi:10.1016/.
chemolab.2010.12.004

Blum, A., Kalai, A., & Langford, J. (1999). Beating the hold-out:
Bounds for K-fold and progressive cross-validation. Proceedings
of the Twelfth Annual Conference on Computational Learning
Theory (COLT “99), New York, NY: ACM, pp. 203-208.
doi:10.1145/307400.307439

Brandmaier, A. M., Oertzen, von, T., McArdle, J. J., & Lindenberger,
U. (2013). Structural equation model trees. Psychological
Methods, 18, 71-86. d0i:10.1037/a0030001

Brandmaier, A. M., von Oertzen, T., McArdle, J. J., & Lindenberger,
U. (2014). Exploratory data mining with structural equa-
tion model trees. In J. J. McArdle & G. Ritschard (Eds.),
Contemporary issues in exploratory data mining in the
behavioral sciences (pp. 96-127). New York, NY: Routledge.
doi:10.4324/9780203403020

Brandmaier, A. M., Prindle, J. J., McArdle, J. J., & Lindenberger,
U. (2016). Theory-guided exploration with structural equation
model forests. Psychological Methods, 21, 566. doi:10.1037/
met0000090

Breiman, L. (1984). Classification and regression trees. Belmont, CA:
Wadsworth International Group.

Breiman, L. (1996). Bagging predictors. Machine Learning, 24,123~
140. doi:10.1007/BF00058655

Breiman, L. (2001). Random forests. Machine Learning, 45, 5-32.
doi:10.1023/A:1010933404324

Brick, T. R., Hunter, M. D., & Cohn, J. E (2009). Get The FACS
Fast: Automated FACS face analysis benefits from the addition
of velocity. Proceedings of the Third International Conference
on Affective Computing & Intelligent Interactions (ACII 2009),
Amsterdam, pp. 1-7. doi:10.1109/ACIL.2009.5349600

Bursac, Z., Gauss, C. H., Williams, D. K., & Hosmer, D. W. (2008).
Purposeful selection of variablesinlogisticregression. Source Code
for Biology and Medicine, 3,17. doi:10.1186/1751-0473-3-17

Cattell, R. B. (1966). Multivariate behavioral research and the inte-
grative challenge. Multivariate Behavioral Research, 1, 4-23.
doi:10.1207/s15327906mbr0101_1

Denissen, J. J., Ulferts, H., Liudtke, O., Muck, P. M., & Gerstorf,
D. (2014). Longitudinal transactions between personality and

occupational roles: A large and heterogeneous study of job
beginners, stayers, and changers. Developmental Psychology,
50, 1931-1942. doi:10.1037/a0036994

Dhillon, P. S., Tomasik, B., Foster, D., & Ungar, L. (2009). Multi-task
Feature Selection Using the Multiple Inclusion Criterion (MIC).
In Machine Learning and Knowledge Discovery in Databases
(Vol. 5781, pp. 276-289). Berlin, Heidelberg: Springer Berlin
Heidelberg. doi:10.1007/978-3-642-04180-8_35

Edgington, E. S. (1995). Randomization tests (3rd edn.). New York,
NY: M. Dekker.

Forman, G. (2003). An extensive empirical study of feature selec-
tion metrics for text classification. Journal of Machine Learning
Research, 3(Mar), 1289-1305.

Friedman, J., Hastie, T., & Tibshirani, R. (2000). Additive logistic
regression: A statistical view of boosting. Annals of Statistics, 28,
337-407, doi:10.1214/a0s/1016218223

Gates, K. M., & Molenaar, P. C. (2012). Group search algorithm
recovers effective connectivity maps for individuals in homoge-
neous and heterogeneous samples. Neuroimage, 63, 310-319.
doi:10.1016/j.neuroimage.2012.06.026

Gerstorf, D., Hoppmann, C. A., & Ram, N. (2014). The promise and
challenges of integrating multiple time-scales in adult develop-
mental inquiry. Research in Human Development, 11, 75-90.
doi:10.1080/15427609.2014.906725

Gromping, U. (2009) Variable importance assessment in regres-
sion: Linear regression versus random forest, The American
Statistician, 63, 308-319, d0i:10.1198/tast.2009.08199

Gromping, U. (2007). Estimators of Relative Importance in Linear
Regression Based on Variance Decomposition. The American
Statistician, 61, 139-147. d0i:10.1198/000313007X 188252

Guyon, 1., & Elisseeff, A. (2003). An introduction to variable and
feature selection. Journal of Machine Learning Research, 3,
1157-1182.

Haisken-DeNew, J. P, & Frick, J. R. (eds.) (2005): Desktop
Companion to the German Socio-Economic Panel (SOEP) —
Version 8.0, Berlin. http://www.diw.de/deutsch/sop/service/dtc/
dte.pdf.

Hapfelmeier, A., & Ulm, K. (2013). A new variable selection
approach using random forests. Computational Statistics &
Data Analysis, 60, 50-69. d0i:10.1016/j.csda.2012.09.020

Hapfelmeier, A., Hothorn, T., Ulm, K., & Strobl, C. (2014). A new
variable importance measure for random forests with miss-
ing data. Statistics and Computing, 24, 21-34. doi:10.1007/
s11222-012-9349-1

Headey, B., Muffels, R., & Wagner, G. G. (2010). Long-running
German panel survey shows that personal and economic
choices, not just genes, matter for happiness. Proceedings of the
National Academy of Sciences, 107,17922-17926. doi:10.1073/
pnas.1008612107

Hocking, R. (1976). A biometrics invited paper. The analysis and
selection of variables in linear regression. Biometrics, 32, 1-49.
doi:10.2307/2529336

Hothorn, T., Hornik, K., & Zeileis, A. (2006). Unbiased recursive
partitioning: A conditional inference framework. Journal of
Computational and Graphical Statistics, 15, 651-674. doi:10.1
198/106186006x133933

Hiiliir, G., Ram, N., & Gerstorf, D. (2015). Historical improvements
in well-being do not hold in late life: Birth- and death-year


http://www.diw.de/deutsch/sop/service/dtc/dtc.pdf
http://www.diw.de/deutsch/sop/service/dtc/dtc.pdf

Journals of Gerontology: PSYCHOLOGICAL SCIENCES, 2018, Vol. 73, No. 1

123

cohorts in the United States and Germany. Developmental
Psychology, 51, 998-1012. d0i:10.1037/a0039349

Intille, S. S. (2012). Emerging technologies for studying daily life.
In M. R. Mehl & T. S. Connor (Eds.), Handbook of research
methods for studying daily life (pp. 267-282). New York, NY:
Guilford.

Johnson, R., & Zhang, T. (2014). Learning nonlinear functions
using regularized greedy forest. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 36, 942-954. doi:10.1109/
TPAMI.2013.159

Kahneman, D., Krueger, A. B., Schkade, D. A., Schwarz, N., & Stone,
A.A.(2004). A survey method for characterizing daily life expe-
rience: The day reconstruction method. Science (New York,
N.Y.), 306, 1776-1780. d0i:10.1126/science.1103572

Kim, J.-H. (2009). Estimating classification error rate: Repeated cross-
validation, repeated hold-out and bootstrap. Computational
Statistics & Data Analysis, 53, 3735-3745. do0i:10.1016/.
¢sda.2009.04.009

Kotsiantis, S. B., Zaharakis, I. D., & Pintelas, P. E. (2006). Machine
learning: A review of classification and combining techniques.
Artificial Intelligence Review, 26, 159-190. doi:10.1007/
$10462-007-9052-3

Kubus, M. (2014). Discriminant stepwise procedure. Folia
Oeconomica, 3, 151-159.

Kuhn, M., Wing, J., Weston, S., Williams, A., Keefer, C., Engelhardt,
A., ... Candan, C.; The R Core Team. (2016). caret: Classification
and Regression Training. R Package Version 6.0-68. Retrieved
from https://cran.r-project.org/package=caret

Kuhn, M. (2008). caret Package. Journal of Statistical Software, 28,
1-26. Retrieved from http://www.jstatsoft.org/v28/i05/paper

Lang, E. R., Weiss, D., Gerstorf, D., & Wagner, G. G. (2013). Forecasting
life satisfaction across adulthood: Benefits of seeing a dark future?
Psychology and Aging, 28,249-261. doi:10.1037/a0030797.

Liaw, A., & Wiener, M. (2002) Classification and regression by ran-
domForest. R News, 2, 18-22.

Little, R., & Rubin, D. (2002). Statistical analysis with miss-
ing data. 2nd edn. Hoboken: John Wiley & Sons.
doi:10.1002/9781119013563

Lucas, R. E., Clark, A. E., Georgellis, Y., & Diener, E. (2003).
Reexamining adaptation and the set point model of hap-
piness: Reactions to changes in marital status. Journal
of Personality and Social 527-539.
doi:10.1037/0022-3514.84.3.527

M. R. Mehl, & T. S. Conner (Eds.). (2012). Handbook of research
methods for studying daily life. New York, NY: Guilford.

Menze, B. H., Kelm, B. M., Masuch, R., Himmelreich, U., Bachert, P.,
Petrich, W., & Hamprecht, F. A. (2009). A comparison of random
forest and its Gini importance with standard chemometric meth-

Psychology, 84,

ods for the feature selection and classification of spectral data.
BMC Bioinformatics, 10, 213. doi:10.1186/1471-2105-10-213

Muthén, B., & Asparouhov, T. (2012). Bayesian structural equation
modeling: A more flexible representation of substantive theory.
Psychological Methods, 17, 313-335. d0i:10.1037/a0026802

Olden, J. D., Joy, M. K., & Death, R. G. (2004). An accurate com-
parison of methods for quantifying variable importance in artifi-
cial neural networks using simulated data. Ecological Modelling,
178, 389-397. d0i:10.1016/j.ecolmodel.2004.03.013

Quinlan, J. R. (1996). Bagging, boosting, and C4. 5. Proceedings of
the Thirteenth National Conference on Artificial Intelligence and
the Eighth Innovative Applications of Artificial Intelligence con-
ference (AAAI/IAAI °96), Vol. 1, pp. 725-730. Cambridge, MA:
AAATI Press.

R Core Team. (2016). R: A language and environmment for statis-
tical computing. Vienna, Austria: R Foundation for Statistical
Computing. Retrieved from https://www.r-project.org/

Saeys, Y., Inza, 1., & Larrafiaga, P. (2007). A review of feature selec-
tion techniques in bioinformatics. Bioinformatics, 23, 2507-
2517. doi:10.1093/bioinformatics/btm344

Schade, H. M., Hiili, G., Infurna, F. J., Hoppmann, C. A., &
Gerstorf, D. (2016). Partner dissimilarity in life satisfaction:
Stability and change, correlates, and outcomes. Psychology and
Aging, 31, 327-339. doi:10.1037/pag0000096

Schimmack, U., & Lucas, R. E. (2010). Environmental influ-
ences on well-being: A dyadic latent panel analysis of spousal
similarity. Social Indicators Research, 98, 1-21. doi:10.1007/
$11205-009-9516-8

Schupp, J. (2009). Twenty-five years of the German Socio-Economic
Panel — An infrastructure project for empirical social and eco-
nomic research in Germany. Zeitschrift fiir Soziologie, 38, 350~
357. doi:10.1515/2fs02-2009-0501

Socio-Economic Panel (SOEP), Data for Years 1984-2014, Version
31, 2015. http://www.diw.de/sixcms/detail.php?id=519355.
doi:10.5684/soep.v31

Specht, J., Egloff, B., & Schmukle, S. C. (2011). Stability and change
of personality across the life course: The impact of age and
major life events on mean-level and rank-order stability of the
Big Five. Journal of Personality and Social Psychology, 101,
862-882. doi:10.1037/a0024950

Stone, M. (1977). Asymptotics for and against cross-validation.
Biometrika, 64, 29-35. d0i:10.1093/biomet/64.1.29

Strobl, C., Boulesteix, A.-L., & Augustin, T. (2007). Unbiased
split selection for classification trees based on the Gini Index.
Computational Statistics ¢& Data Analysis, 52, 483-501.
doi:10.1016/j.csda.2006.12.030

Strobl, C., Boulesteix, A. L., Kneib, T., Augustin, T., & Zeileis, A.
(2008). Conditional variable importance for random forests.
BMC Bioinformatics, 9, 307. doi:10.1186/1471-2105-9-307

von Qertzen, T. (2010). Power equivalence in structural equation
modelling. The British Journal of Mathematical and Statistical
Psychology, 63,257-272. doi:10.1348/000711009X441021

von Oertzen, T., & Brandmaier, A. M. (2013). Optimal study design
with identical power: An application of power equivalence to
latent growth curve models. Psychology and Aging, 28, 414—
428. d0i:10.1037/a0031844

Wagner, G. G., Frick, J. R., & Schupp, J. (2007). The German Socio-
Economic Panel study (SOEP): evolution, scope and enhance-
ments. SOEP Papers on Multidisciplinary Panel Data Research,
1, 1-32. Retrieved from http://ideas.repec.org/p/diw/diwsop/
diw_sp1.html. doi:10.2139/ssrn.1028709

Zhang, Y., Yeung, D.-Y., & Xu, Q. (2010). Probabilistic multi-task
feature selection. In J. D. Lafferty, C. K. I. Williams, J. Shawe-
Taylor, R. S. Zemel, & A. Culotta (Eds.), Advances in Neural
Information Processing Systems 23 (pp. 2559-2567). Curran
Associates, Inc.


https://cran.r-project.org/package=caret
http://www.jstatsoft.org/v28/i05/paper
https://www.r-project.org/
http://www.diw.de/sixcms/detail.php?id=519355
http://ideas.repec.org/p/diw/diwsop/diw_sp1.html
http://ideas.repec.org/p/diw/diwsop/diw_sp1.html

