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ABSTRACT
Objectives. Functionalist theories of emotion and models of biodiversity suggest links between
diversity of the (emotional) ecosystem and health. This paper examines how diversity-type intraindividual
variability constructs – particularly emodiversity - can be articulated using intensive longitudinal data.
Method. Using data from a daily diary study (T = 30) of middle-age adults (N = 138; Sturgeon,
Zautra, & Okun, 2014) to examine emodiversity in day-to-day life, we consider how item selection,
measurement scale, number of occasions, and choice of diversity index map to theory, measurement
reliability, and empirical inquiry.
Results. The number of items, response scale, and choice of index have limited influence on
measurement of diversity, while number of occasions and theoretical stance play important roles in terms
of reliability and interpretation. The empirical examples suggests that at lower levels of positive and
negative emodiversity, lower (-1 SD) mean positive and negative emotion were protective of physical
health, whereas at higher levels of emodiversity, physical health was relatively high regardless of the
level of mean emotion.
Discussion. This study highlights the utility of intensive longitudinal data for operationalization
of dynamic constructs, provides recommendations for calculating diversity-based IIV constructs, and
illustrates the utility of emodiversity in studies of healthy aging.
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Chapter 1
Introduction
It is well established that people differ in levels of positive and negative emotions, and these
differences are related to an array of functional and developmental outcomes (e.g. well-being, health,
mortality). Several investigators (e.g., Fiske & Rice, 1955; Martin & Hofer, 2004; Nesselroade, 2001;
Ram & Gerstorf, 2009) have suggested that interindividual differences in intraindividual variability (IIV)
constructs - measured through observation of within-person fluctuations in ability or experience that
occur at relatively fast time-scales (e.g., seconds, minutes, days) - can also provide a rich source of
prediction. Supporting this notion, a series of studies have demonstrated that individual differences in
emotion IIV constructs (e.g. variability, instability, inertia, differentiation, flexibility, and diversity) are
related to indicators of psychopathology (McConville & Cooper, 1996), well-being (Gruber, Kogan,
Quoidbach, & Mauss, 2013), cognition (Ram, Gerstorf, Lindenberger, & Smith, 2011), physical health
(Hardy & Segerstrom, in press), and personality traits (Moskowitz & Zuroff, 2004; Eid & Diener, 1999).
Prior research has also established age-related differences in emotion IIV. Röcke and Brose (2013)
synthesized a series of findings showing that greater variability (quantified using iSDs) was associated
with age-related failures in biological systems, whereas lower variability tended to be associated with
developmental increases in psychological factors such as self-regulation. Importantly, in almost all
studies, differences in emotion IIV held additional value beyond individuals' overall levels of emotions.
Thus, within-person dynamics captured in quantifications of IIV represent a distinct and important
dimension of emotional experience.
Many methods used in the study of IIV, and the theoretical conceptions those methods articulate,
draw on work done in other fields, including biology and physics (Nesselroade & Boker, 1994; Ram &
Pedersen, 2008). For example, in ecology, biodiversity describes the variety and relative abundance of
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species in an ecosystem, and supports knowledge about how each species serves specific functional roles
for the environment (e.g., as predator, as prey; Magurran, 2004). Depletion or overabundance of any one
species has consequences for the functioning and health of the entire ecosystem. Parallel notions of
diversity can be found in psychology. For example, functionalist theories of emotions suggest dynamics
of daily life can activate a diversity of emotions because each emotion (e.g., excitement, fear, anger)
serves specific adaptive purposes by prioritizing, organizing, and regulating behavior in ways that
optimize an individual’s adjustment to situational demands (Barrett & Campos, 1987; Keltner & Gross,
1999). Depletion or overabundance of any one emotion has consequences for the functioning and health
of the individual.
Intersecting the ecological framework with behavioral data, biodiversity indices (e.g., Shannon’s
entropy; Shannon, 1948) have been repurposed to quantify psychological and social phenomena (Budescu
& Budescu, 2012, Koffer et al., 2016; Ram et al., 2012). For example, biodiversity metrics have been
used to quantify emodiversity - the variety and relative abundance of emotions individuals experience.
Quoidbach and colleagues (2014) found, using cross-sectional data, that emodiversity was a robust
predictor of positive mental and physical health. Here we explore how diversity metrics, can be applied to
intensive longitudinal data to articulate diversity-type IIV constructs such as emodiversity. The current
study builds on prior research in four important ways. First, we consider between person differences in
within-person variation across emotional experiences using techniques that capture the time-sensitive,
dynamic nature of emotional processes (Ram & Gerstorf, 2009). Second, to support the move to analysis
of multivariate multiple occasion data, we examine how calculation of emodiversity is influenced by a
variety of study design features including types of emotions assessed, number of items, response scale
(binary or continuous), and number of occasions. Third, we calculate and consider multiple indices (e.g.,
Shannon’s entropy, Gini coefficient). Finally, we illustrate the utility of the diversity-based IIV constructs
by examining associations between positive and negative emodiversity, and physical health, controlling
for mean levels of positive and negative emotions.
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Before delving into methodological considerations surrounding how diversity-based constructs can
be operationalized using longitudinal data, we illustrate the basic calculation. Following Budescu &
Budescu (2012), diversity across categories can be quantified, for example, using the Gini (1912)
coefficient,

𝐺𝑖𝑛𝑖𝐷𝑖𝑣𝑒𝑟𝑖𝑠𝑡𝑦! = 𝐺! = 1 −

2
𝑚

!
!!! 𝑗𝑐!"
!
!!! 𝑐!"

−

𝑚+1
𝑚

(1)

where cij is the count of individual i's experiences within j = 1 to m categories (e.g. species,
emotion types) indexed in non-decreasing order (cij ≤ cij+1). Diversity scores range from 0 to 1, with
higher values indicating more “equitable” or diverse (emotional) ecosystems. Individual differences in
emodiversity are shown in Figure 1. In brief, emotions are conceived from a circumplex perspective
where each emotion label (e.g., happy, calm, angry) is placed at specific (angular) locations (Russell,
1980). Moving around the circle, the length of each "petal" indicates the number of occasions in which
specific emotions were experienced. Coloring indicates the proportion of occasions the emotion was rated
at low (= blue) to high (= pink) intensities. As indicated by the sparsity of petals, Person A (left) has
lower emodiversity in both the negative (Gneg = .25) and positive emotions (Gpos = .39) compared to
Person B (Gneg = .39, Gpos = 1.00).
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Figure 1. Example of Low and High Emodiversity Persons
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The Present Study

The objective of this inquiry is to explore and provide recommendations for how diversitytype IIV constructs can be articulated using intensive longitudinal data. In the context of
emodiversity, we consider how item selection, measurement scale, number of occasions, and
choice of diversity index enable or constrain mapping to theory, measurement reliability, and
empirical inquiry. We use daily diary data from the As U Live Study of middle-age adults
(Sturgeon, Zautra, & Okun, 2014) to demonstrate the utility of emodiversity as an organizing
construct for understanding how emotions fluctuate across time and have downstream
consequences for physical health. Throughout the analysis we provide recommendations for how
researchers might approach the operationalization of diversity-type IIV constructs with intensive
longitudinal data (supplementary step-by-step implementation guide can be found at
www.quantdev.ssri.psu.edu).

Chapter 2
Method
Data for the present analyses are drawn from the As U Live Study, an investigation of
healthy aging in a community-based sample of middle-aged adults that examined psychosocial
and physical functioning in the context of individuals’ everyday lives through home-based
interviews, laboratory assessments, and daily diary questionnaires (Sturgeon et al., 2014). Details
relevant to the present analysis are given here.

6
Participants

Drawing from the larger As U Live Study (N = 680), we utilize data obtained during a 30day daily diary protocol and 6-month follow-up interview from N = 138 participants (55%
female), age 40 to 65 (MAge = 53.50, SDAge = 7.50), who provided 6+ occasions and complete
data for the variables of interest. Participants self-identified as White or Euro-American (71%),
Black/African American (2%) Hispanic/Latino (8%), Asian (2%), and mixed background (17%).
Educational attainment spanned high school degree or less (14%), trade/vocational/technical
school certificate (9%), some college (23%), college degree (28%), graduate or professional
training (25%), with 1% choosing not to provide this information.

Procedure and Measures

The 30-day daily diary protocol involved answering questionnaires on a tablet computer
each night. The follow-up interview occurred approximately six months later and included an
assessment of physical health. Descriptives are presented in Table 1.

Discrete Emotions

Discrete emotions were assessed using 32 items from the Positive Affect-Negative Affect
Schedule (PANAS and PANAS-X; Watson, Clark, & Tellegen, 1988). At the end of each day,
participants rated the extent to which they experienced 16 positive emotions (enthusiastic,
interested, determined, excited, amused, inspired, alert, active, strong, proud, attentive, happy,
relaxed, cheerful, at ease, calm) and 16 negative emotions (scared, afraid, upset, distressed,

7

jittery, nervous, ashamed, guilty, irritable, hostile, tired, sluggish, sleepy, blue, sad, drowsy) on a
5-point scale ranging from 1 = “very slightly or not at all” to 5 = “extremely” (recoded 0 to 4).
For comparison with typical scoring, ratings for positive and negative items were separately
averaged across days to obtain mean level scores for positive and negative emotion experiences
per day.
During the follow-up, participants reported on the extent to which they experienced the 20
PANAS items "over the past four weeks" on the same 5-point (also recoded 0 to 4). These
reports are treated as trait-level indicators of emotion experiences.

Physical Health
Physical health was measured using the MOS 36-Item Short-Form Health Survey (SF-36; see Ware
& Sherbourne, 1992 for details). The Physical Component Summary (PCS) score was calculated for each
individual as the average of four sub-scales measuring physical functioning, role limitations due to
physical functioning, bodily pain, and general perception of health; higher scores within the 0 to 100
range indicate better physical health.

Table 1. Descriptives and Correlations for Emotion, Health, and Demographic Variables
Construct
1.
Global
Emodiversity
2.
Positive
Emodiversity
3.
Negative
Emodiversity
4.
Positive
Emotion
5.
Negative
Emotion
6.
SF36 PCS
7.
Age
8.
Gender (%

Min

Max

Mean

SD

1.

2.

3.

4.

5.

0.27

0.93

0.61

0.10

.90

.44

.70

0.44

1.00

0.92

0.11

.39

.94

.08

0.13

0.89

0.48

0.17

.76

.01

.76

2.12

50.88

25.40

7.69

.15

.69

-.10

-

0.12

24.75

6.42

4.94

.80

-.08

.70

-.01

-

12.06
40.00
F=0

100.00
65.00
M=1

77.59
53.50
55%F

21.30
7.50
-

-.12
-.22
.07

.36
.07
.17

-.15
-.24
.00

.25
.17
.13

-.39
-.15
.01

6.

7.

-.10
.11

.04
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female)
Note: N = 138; SD = standard deviation; SF36 PCS = for the Short Form 36 Physical Component Summary score;
Gender was coded 0/1 for female/male. The box contained in rows labeled 1-3 contains to correlations among
diversity indices based on number and valence. The diagonal (in bold) contains correlations among indices
calculated using the full set of 36 emotion items and the reduced set of 10 emotion items; the lower triangle (plain
text) contains correlations among indices using the full set items; the upper triangle (italics) contains correlations
among indices using the reduced set of items.
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Chapter 3
Studying (Emo)diversity using Intensive Longitudinal Data
In this section, we examine how specific aspects of the study design and analyses afford
and/or constrain articulation and study of diversity-type IIV constructs including item selection,
measurement scale, number of occasions, choice of diversity index, and examination of betweenperson differences.

Item Selection

Research Question

What items should be used to measure diversity? An often-vexing problem, particularly in
emotion research (Watson & Clark, 1997), is selecting which emotion items to include in the
measurement battery or analysis. In the case of emodiversity, different theoretical frameworks
imply different operationalizations. For example, functionalist emotion frameworks (e.g. Barrett
& Campos, 1987; Shiota et al., 2014), suggesting that discrete emotions serve adaptive functions,
consider all emotions as equally distinct. Diversity metrics generally invoke this kind of
framework given that they quantify dispersion (equality) across all types of emotion. In line with
core affect frameworks, emotions can also be split by positive and negative valence (e.g. Russell,
1980; and as invoked by PANAS). Choice of theoretical framework has implications for
calculation of emodiversity. A functionalist perspective would consider emodiversity as
spanning all types of emotions. A merging of functionalist and core affect frameworks may
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consider positive and negative emodiversity as separate constructs. Thus, we examine the
methodological implications of using a broad set of items for calculation of a global
emodiversity score, and separating items by valence for calculation of positive and negative
emodiversity scores.
In addition to considering how item content relates to construct definition, researchers
often consider the number of items needed to measure a construct, particularly in longitudinal
settings where participant burden is a concern (Conner & Lehman, 2012). When similar
precision can be obtained with fewer items, costs are lower. Alternatively, fewer items may
mean key experiences are missed. We therefore also examined whether number of emotion items
used in the calculations influenced rank order stability in emodiversity scores.

Empirical Illustration

To examine concordance across functionalist- and core-affect-based operationalizations of
emodiversity we used the 32 emotion items to calculate positive, negative, and global
emodiversity scores, as per Equation 1. Correlations among indices are shown in the lower
triangle of the box within Table 1. In line with the core affect theoretical view that positive and
negative dimensions are orthogonal, positive and negative emodiversity were uncorrelated (r =
.01). From a functionalist perspective, global emodiversity covers the full range of emotional
experiences, but seemed to be driven more by diversity on the negative side of the circumplex (r
= .76), than by diversity on the positive side (r = .39).
To examine whether number of items influenced emodiversity scores, we re-calculated
scores using a reduced set of 10 emotion items (enthusiastic, amused, proud, interested, calm,
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sad, ashamed, guilty, hostile, and nervous) chosen to satisfy both core affect and functionalist
selections. All 10 items, the first five items, and the last five items were used to calculate
globalreduced, positivereduced and negativereduced emodiversity scores, respectively. Shown in bold on
the diagonal in the box within Table 1, the match between the 32-item and the 10-item scores
was very high for global and positive emodiversity (rs ≥ .90), but somewhat less so for negative
emodiversity (r = .76). As expected, and seen in the relative symmetry of the upper (italics) and
lower triangles of Table 1, distinctions between the operationalizations remained the same when
using the smaller item set.

Recommendations

The correlations suggest there is clear construct distinction between positive and negative
emodiversity. Therefore, from both substantive (i.e. functionalist emotion plus core affect
theory) and statistical standpoints, the empirical illustration suggests there are important
distinctions based on splitting emodiversity by positive and negative valence. For the present
analysis, we move forward in our methodological investigation retaining all available (i.e. 32)
emotion items, and splitting based on valence.

Measurement Scale

Research Question

Does response scale matter? The original formulations of biodiversity were developed to
quantify species diversity using observational data coded as either presence or absence of each
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species. Direct translation to the measurement of emotions would suggest using checklists where
participants are simply asked to indicate whether each emotion on the list was or was not
experienced - binary "yes/no" variables. While this approach is sometimes used, most experience
sampling studies ask participants to indicate, at each occasion, the frequency or intensity of each
emotion using a Likert-type (e.g., 1 to 5) scale. Noting potential incongruence between the data
streams being collected and the (binary) data often used within diversity calculations, we
examined how the type of response scale (binary vs. semi-continuous Likert-type scale) may
influence calculation of emodiversity.

Empirical Illustration

In our example data, participants indicated the intensity with which they experienced
each discrete emotion over the course of the current day using a 1 = “very slightly or not at all”
to 5 = “extremely” response scale. To examine whether and how differences in response scale
may influence precision of emodiversity scores, we recoded the responses in two ways. The
binary response scale was invoked post-hoc by recoding of the data to 0 when participants had
indicated “very slightly or not at all” and to 1 for all other options. In parallel, the continuous
scale option was invoked using a simple 0 to 4 recoding. We then calculated emodiversity using
the two recoded data sets. Rank order of the scores was nearly identical. Positive and negative
emodiversity scores were correlated r = .96 and r = .98, respectively.
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Recommendations

The high correlations between the binary and Likert-type response scales suggest that it
matters little which scale-type is used. Thus, we selected to move forward with the analyses
using the binary version because it fit more closely to the conceptualization of emodiversity as
representing discrete emotion experiences rather than the intensity of emotion experiences. Using
the binary coding may also provide more comparability across studies that use different response
scales (as long as there is some type of label indicating a “none of the time” option).
Alternatively, researchers interested in diversity in the intensity of emotion experiences should
consider calculation based on the Likert-type ratings.

Number of Occasions

Research Question

How many occasions are needed to reliably measure diversity? A series of studies have
demonstrated the need for examining the reliability of IIV metrics (e.g. iSD, iCorr) calculated
using repeated assessments (Fiske & Rice, 1955; Eid & Diener, 1999; Mejia, Hooker, Ram,
Pham, & Metoyer, 2014; Estabrook, Grimm, & Bowles, 2012; Wang & Grimm, 2012). For
example, Eid & Diener (1999) demonstrated that more measurement occasions (T = 51) were
needed to reliably measure IIV for a single item over time, whereas fewer occasions (T = 7) were
needed when using multiple items.
In addition to considering how many occasions are needed to reliably measure daily
emodiversity, we were also interested in the concordance between state- and trait-based
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measures of emodiversity. For example, past research on emodiversity utilized a single occasion
design (Quoidbach et al., 2014). With this approach, rather than tallying up discrete emotion
experiences over time, the continuous measurement scale was used as a proxy for how “many”
emotions of that type the individual usually experienced. Prior research (e.g. Brose,
Lindenberger, & Schmiedek, 2013) comparing affective trait and state reports suggests that
single vs. multi-occasion assessments of affective experiences are related (i.e. can be predicted
from one another), but may also differ in their underlying processes such that trait assessments
may be heavily influenced by an individual’s current mood, whereas multiple state assessments
may reflect a broader range of the individual’s experiences over time.

Empirical Illustration
To examine the reliability of emodiversity based on a daily diary design, we calculated emodiversity
scores using 1-occasion, 2-occasion, 3-occasion, …, up to 30-occasion data (the study design length) and
tracked rank-order stability with respect to the number of occasions. Correlations with the assumed 30day true-score are shown in Figure 2. As indicated by the intersections between the horizontal and vertical
dashed lines, reliability of positive and negative emodiversity both crossed a .8 threshold using 6occasion data, and a .9 threshold using 13-occasion data.
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Figure 2. Correlation with T = 30 Criterion Emodiversity Scores
In addition to examining the number of occasions needed, we also examined the extent to which
emodiversity scores calculated using daily diary (i.e. state) assessments correlated with emodiversity
scores calculated using single occasion follow-up (i.e. trait) assessment of emotions (e.g. “over the past
four weeks”). Re-calculated with the 20 overlapping items, positive (M = 0.92, SD = 0.12) and negative
(M = 0.48, SD = 0.17) emodiversity using the daily diary data, and positive (M = 0.94, SD = 0.14) and
negative (M = 0.51, SD = 0.29) emodiversity using the follow-up assessment data were highly
comparable in terms of sample averages. However, the correlations between state-based and trait-based
emodiversity scores were r = .43 (positive) and r = .38 (negative).

Recommendations
To reliably measure emodiversity using daily diary data, we recommend including at least 6occasion data. However, with only very moderate correlations between criterion (30-occasion) state and
("over the past four weeks") trait scores, there is concern that emodiversity may not actually be a trait.
Rather, it may change substantially over time, within-person. So, while the move to longitudinal
assessments provides unique information not captured by the trait reports, there is need to explicitly
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articulate the time frame over which emodiversity is calculated (days, weeks, months; see discussion in
Ram & Gerstorf, 2009).

Choice of Diversity Metric

Research Question
Which diversity metric should be used? In biology there is an expansive literature on utility of
measuring diversity and on how to measure diversity (see Magurran, 2004 for a review). There are many
available indices, most of which are similar to some extent, with nuance as to which may be more or less
useful in particular contexts. In their review of psychology-based applications, Budescu & Budescu
(2012) underscored how choice of measure may influence conclusions reached within a study and/or limit
comparability and generalizability across studies. To examine this issue, we calculated the diversity of
each individual’s (i) discrete emotions (j) across the daily diary protocol using Shannon’s (1948) entropy,
Simpson’s (1949) inverse index, Simpson's reciprocal index, and the Gini (1912) coefficient.
The Gini coefficient (equation 1) was presented earlier in Equation 1. Shannon’s entropy, by far the
most popular metric in many fields, is calculated as
!

𝑆ℎ𝑎𝑛𝑛𝑜𝑛𝐷𝑖𝑣𝑒𝑟𝑖𝑠𝑡𝑦! = −

𝑝!" 𝑙𝑛𝑝!"

(2)

!!!

where m is the number of discrete emotion types (i.e. angry, sad, enthusiastic), and pij is the
proportion of individual i’s experiences that were of each discrete emotion type, j = 1 to m. Scores range
from 0 to ln(m), with higher scores indicating greater diversity (equality). Simpson’s index (also
sometimes labeled Gini-Simpson coefficient, concentration index, Bachi’s index, Blau’s index,
Hirshman’s index, Herfindahl-Hirschman index, Hunter-Gaston index) has two parameterizations that,
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although scaled differently, may be interpreted as the probability that any two randomly selected
experiences are of different emotion types. The inverse version is calculated as
!

𝑝!" !

𝑆𝑖𝑚𝑝𝑠𝑜𝑛𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐷𝑖𝑣𝑒𝑟𝑖𝑠𝑡𝑦! = 1 −

(3)

!!!

and scaled from 0 to 1. The reciprocal version is calculated as
𝑆𝑖𝑚𝑝𝑠𝑜𝑛𝑅𝑒𝑐𝑖𝑝𝑟𝑜𝑐𝑎𝑙𝐷𝑖𝑣𝑒𝑟𝑖𝑠𝑡𝑦! =

1
!
!
!!! 𝑝!"

(4)

and scaled from 0 to the maximum number of categories, m. When scaled as the inverse or
reciprocal, higher scores indicate greater diversity.

Empirical Illustration
Four diversity indices (Shannon’s entropy, Simpson’s inverse index, Simpson’s reciprocal index, and
the Gini coefficient) were calculated using the binary measurement scale (using the vegan and ineq
packages in R; Oksanen, Blanchet, Kindt, Legendre, Minchin, O’Hara, …, & Wagner, 2016; Zeileis,
2015) after Laplacian correction (i.e. adding the minimum machine precision to the density at each
location so that no cells would have ln(0) = ∞). Correlations among and distributions of the indices
informed choice of metric. Correlations among the positive emodiversity indices were ≥ .93, and
correlations among the negative emodiversity indices were ≥ .86. Sample-level distributions for each
index are presented in Figure 3. Of the 8 distributions, 7 were highly skewed and only the Gini coefficient
for negative emodiversity resembled a relatively normal distribution.
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Figure 3. Distributions for Four Diversity Indices

Recommendations
The high rank-order stability across metrics suggests that the choice of index is somewhat
inconsequential. However, if the diversity scores are to be used as an outcome variable, the distributional
features should guide selection. For the empirical example, we move forward with the Gini coefficient
based on the semblance of normality it provided.

Examination of Interindividual Differences in Diversity

Research Question
Are individual differences in emodiversity related to other individual difference characteristics? As
noted in the introduction, IIV metrics are used to measure a variety of constructs - individuals' dynamic
characteristics - that are particularly useful when predictive of important outcomes, such as health.
Drawing from functionalist emotion, core affect, and biodiversity theories, and based on prior research on
emodiversity (e.g. Quoidbach et al., 2014) and age related changes in emotion experiences (e.g.
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Carstensen, 2006; Charles, 2010; Baltes & Baltes, 1990), we outline a series of hypotheses. First, based
on previous work (e.g. Quoidbach et al., 2014) and rooted in functionalist theories of emotion and
biodiversity theories suggesting diversity is health protective, we hypothesize that higher levels of both
positive and negative emodiversity will be associated with higher levels of physical health, above and
beyond levels of mean emotion experiences. Similarly, we hypothesize that mean positive and negative
emotion will moderate the association between positive and negative emodiversity and physical health,
respectively. In particular, we anticipate that the association between positive emodiversity and physical
health will be stronger for those with lower mean positive emotion. For negative emotions, we anticipate
that the association between negative emodiversity and physical health will be stronger for those with
higher mean negative emotion. Third, based on age-related increases in emotion regulation efficiency
(Baltes & Baltes, 1990) and pruning of social networks, we hypothesize that emodiversity may differ by
age such that higher emodiversity serves adaptive purpose in early-mid-adulthood (Keltner & Gross,
1999) whereas lower emodiversity may be a marker of successful aging in later adulthood. In particular,
we hypothesize that positive and negative emodiversity will moderate the association between age and
physical health such that higher levels of emodiversity will facilitate health for those who are younger
whereas lower levels of emodiversity facilitate health for those who are older.

Empirical Illustration
Following the decisions outlined above, we calculated positive and negative emodiversity scores
using (1) all available items, separated by positive and negative valence, (2) a binary response scale, (3) 6
or more occasions, and (4) using the Gini coefficient (Equation 1). We then used these scores to examine
whether positive and negative emodiversity were associated with physical health using a multiple
regression,

20

𝑃ℎ𝑦𝑠𝑖𝑐𝑎𝑙𝐻𝑒𝑎𝑙𝑡ℎ!
(

= 𝛽! + 𝛽! 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝐸𝑚𝑜𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦! + 𝛽! 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝐸𝑚𝑜𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦! + 𝜀!
5)
To test the robustness of these findings, we examined whether positive and negative emodiversity
explained variation in physical health not already explained by mean positive and negative emotion, age,
and gender by expanding the model to,
𝑃ℎ𝑦𝑠𝑖𝑐𝑎𝑙𝐻𝑒𝑎𝑙𝑡ℎ!
= 𝛽! + 𝛽! 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝐸𝑚𝑜𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦! + 𝛽! 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝐸𝑚𝑜𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦!
+ 𝛽! 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝐸𝑚𝑜𝑡𝑖𝑜𝑛! + 𝛽! 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝐸𝑚𝑜𝑡𝑖𝑜𝑛! + 𝛽! 𝐴𝑔𝑒!
+ 𝛽! 𝐺𝑒𝑛𝑑𝑒𝑟! + 𝛽! 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝐸𝑚𝑜𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦! ∗ 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝐸𝑚𝑜𝑡𝑖𝑜𝑛!
+ 𝛽! 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝐸𝑚𝑜𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦! ∗ 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝐸𝑚𝑜𝑡𝑖𝑜𝑛!

(
6)

+ 𝛽! 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝐸𝑚𝑜𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦! ∗ 𝐴𝑔𝑒!
+ 𝛽! 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝐸𝑚𝑜𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦! ∗ 𝐴𝑔𝑒! + 𝜀!

For ease of interpretation, emodiversity scores were multiplied by 100 and all predictors (except
gender) were sample mean centered. Significance was evaluated at α = .05. Results are presented
Table 2.
To test the hypothesis that higher levels of both positive and negative emodiversity are
associated with physical health, we fit the multiple regression model shown in Equation 5 and
found that the overall model was significant, F(2, 135) = 11.89, p < .001. As hypothesized,
higher positive emodiversity was significantly associated with higher levels of physical health.
Contrary to expectation, higher negative emodiversity was marginally significantly associated
with lower levels of physical health.
We then fit the multiple regression model shown in Equation 6 to test our main hypotheses
including that (1) higher levels of positive and negative emodiversity are associated with
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physical health above and beyond mean positive and negative emotion, (2) mean positive and
negative emotion moderate the associations between positive and negative emodiversity and
physical health, and (3) positive and negative emodiversity moderate the association between age
and physical health. The results indicated that the overall model was significant, F(10, 127) =
7.55, p < .001, and for the most part aligned with our hypotheses. First, after accounting for for
mean positive and negative emotion (as well as other covariates), higher levels of both positive
and negative emodiversity were significantly associated with higher levels of physical health.
These findings show concordance for positive emodiversity across the first and second model,
and show opposite findings for negative emodiversity, indicating that higher levels of negative
emodiversity are associated with higher physical health only in the context of mean negative
emotion.
Second, we were interested in whether mean levels of emotion moderated the association
between emodiversity and physical health. In line with our hypotheses, mean positive emotion
marginally significantly moderated the association between positive emodiversity and physical
health, but the nuances of the relationship did not manifest as expected. Simple slopes for the
association between positive emodiversity and physical health were tested for low (-1 SD below
the mean) and high (+1 SD above the mean) levels of mean positive emotion. Both tests revealed
significant associations such that as positive emodiversity and physical health increased, mean
positive emotion also increased, with positive emodiversity more strongly associated with
physical health for higher levels (+1 SD) of mean positive emotion (b = .95, SE = .37, p = .01)
than lower levels (-1 SD) of mean positive emotion (b = .43, SE = .20, p = .03). Also as
hypothesized, mean negative emotion significantly moderated the association between negative
emodiversity and physical health. Simple slopes for the association between negative
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emodiversity and physical health were also tested for low (-1SD) and high (+1 SD) levels of
mean negative emotion. The tests revealed that as negative emodiversity and physical health
increased, higher levels (+1 SD) of negative emotion significantly increased (b = .62, SE = .18, p
< .001), whereas the association for lower levels (-1 SD) of mean negative emotion was nonsignificant (b = .19, SE = .14, p = .18). Individuals with lower levels of mean negative were
relatively high in physical health regardless of their level of negative emodiversity.
Third, contrary to expectation, positive and negative emodiversity did not moderate the
association between age and physical health, ps = .977, .814, respectively.
Table 2. Results from Regression Model Examining Associations between Physical Health and
Diversity Metrics

Intercept
Positive Emodiversity
Negative Emodiversity
Positive Emotion
Negative Emotion
Age
Gender
Positive Emodiversity * Positive Emotion
Negative Emodiversity * Negative Emotion
Positive Emodiversity * Age
Negative Emodiversity * Age

Estimate
77.59
0.67
-0.19
-

Model 1
SE
14.56
0.15
0.10
-

p
<.001
<.001
.064
-

Estimate
72.44
0.69
0.40
0.47
-3.23
-0.67
1.08
0.03
0.04
0.00
0.00

Model 2
SE
2.37
0.26
0.14
0.29
0.56
0.21
3.09
0.02
0.02
0.02
0.01

p
<.001
.008
.004
.103
<.001
.002
.728
.067
.013
.977
.814

Residual SE
19.78
17.52
Adjusted R2
.14
.32
Note: N = 138; SE = standard error; positive and negative emodiversity indices were multiplied by 100 so that
emodiversity and physical health are both on a 0 to 100 scale; gender is coded as 0 = female, 1 = male.

Recommendations
We found significant associations between positive and negative emodiversity and physical health,
with nuance depending on whether or not mean positive and negative emotion were also simultaneously
entered into the model. In both models, higher levels of positive emodiversity were associated with higher
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levels of physical health, after accounting for all covariates. In contrast, higher negative emodiversity was
associated with lower levels of physical health in the first regression analysis, whereas in the second
regression analysis it was associated with higher levels of physical health after accounting for covariates,
which indicates a suppression effect. Additionally, the results showed that both mean positive and mean
negative emotion moderated the association between positive and negative emodiversity and physical
health, respectively. At lower levels of positive and negative emodiversity, lower levels of mean positive
and negative emotion are health protective, whereas at higher levels of positive and negative
emodiversity, individuals’ level of mean positive and/or mean negative emotion showed relatively similar
associations with higher physical health. Contrary to expectation, positive and negative emodiversity did
not moderate the association between age and physical health. Based on these findings, our
recommendation is that future research on healthy aging should include emodiversity and other diversitytype IIV constructs and should also continue to explore potential age-related differences in emodiversity,
perhaps by comparing and contrasting various phases in the lifespan.
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Chapter 4
Discussion
Individuals’ emotion experiences can be characterized by both the variety of emotion types
and overall abundance of emotions, collectively termed emodiversity. In this paper, we extended
prior research by illustrating considerations involved in the study of emodiversity using intensive
longitudinal data from the As U Live study. In particular, we examined how theoretical concepts
mapped to statistical concepts to inform (1) item selection, (2) use of binary or continuous
measurement scales, (3) measurement occasions (4) choice of diversity index, and (5)
associations with physical health.
First, we compared operationalizations of emodiversity based on a pure functionalist emotion
framework (global) and based on a combination of functionalist emotion and core affect frameworks
(positive and negative). We found that splitting by valence resulted in two distinct indices, whereas a
global functionalist index mapped more closely to emodiversity than positive emodiversity. Here, we also
examined operationalizations of emodiversity using the full (32) and a reduced (10) set of emotion items.
We did not find distinct differences between the two operationalizations, suggesting that calculation of
emodiversity is fairly robust in these data to the number of items included. However, careful attention
should still be given to the particular theoretical framework(s) used in future studies of emodiversity.
Studies based on a pure functionalist emotion framework may choose to only incorporate a global
emodiversity index whereas studies wishing to incorporate aspects of both functionalist and core affect
framework may choose to operationalize emodiversity by separating positive and negative valence
emotion items.
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Second, we compared calculation of emodiversity based on measurement of emotion using both
binary (indicating absence vs. presence) and semi-continuous Likert-type scales that assessed a range of
intensities. The high degree of concordance between the emodiversity scores obtained from the two
response scales suggests priority should be given to one over the other based on whether the objective is
to examine emotions as on/off states or as varying degrees of intensity. the theoretical conception
underlying the scale. Additionally, through comparison of state and trait reports assessed during the daily
diary (multi-occasion) and follow-up (single occasion) portions of the study, we also demonstrated that
these two operationalizations of emodiversity only moderately overlapped, suggesting that daily
emodiversity provides unique information not captured by trait reports. This finding is in line with prior
research (e.g. Brose, Lindenberger, & Schmiedek, 2013) demonstrating the importance of articulating the
time-scale of assessment, and differentiating between state and trait conceptualizations of emotion
experiences.
Third, we examined the reliability of emodiversity based on sequentially increasing numbers of
measurement occasions (starting with 1 occasion and increasing to 30 occasions), compared to the
maximum length of time called for by the study design, 30 days. We found that a minimum of 6 days are
needed to achieve .8 reliability, and a minimum of 13 days are needed to achieve a .9 reliability for both
positive and negative emodiversity. These results are consistent with prior research finding that when
multiple items are used to calculate an IIV metric, reliability is achievable even for shorter time periods of
assessment such as seven days (Eid & Diener, 1999), and consistency of rank-order individual differences
of .86 for diversity scores from 7-day and 21-day experience sampling protocols (Ram et al., 2012).
Fourth, we compared four heterogeneity measures including Shannon’s entropy, Simpson’s inverse
index, Simpson’s reciprocal index, and the Gini coefficient. We found that, in these data, all indices were
highly correlated. We also plotted the sample-level distribution for each metric, noticing that scores were
highly skewed for most operationalizations, and only relatively resembled normality for the Gini
coefficient when used to calculate negative emodiversity. Regression-based analyses assume that the
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outcome is normally distributed (conditional on predictors). In the present study, emodiversity was used
as a predictor variable, however future research using emodiversity as an outcome should pay special
attention to choosing a metric that yields a normally distributed range of scores.
Results from the empirical example indicated that higher levels of positive emodiversity were
associated with higher levels of physical health independently and also after accounting for mean positive
emotion and other covariates. Interestingly, higher levels of negative emodiversity were associated with
lower physical health when considered independently in the first regression model, and were associated
with higher levels of physical health after accounting for mean negative emotion in the second regression
model. This suggests a suppression effect, which in essence “unlocked” an additional meaning to the
negative emodiversity variable. Inspection of the moderating role of mean negative emotion suggested
that when negative emodiversity is high, mean levels do not matter as much for health (it remains
relatively high regardless), whereas when negative emodiversity is low, lower levels of mean negative
emotion are health protective.
Surprisingly, positive and negative emodiversity did not moderate the association between age and
physical health. Based on age-related increases in emotion regulation efficiency (Baltes & Baltes, 1990)
and pruning of social networks, we had hypothesized that emodiversity may differ by age such that higher
emodiversity serves adaptive purpose in early-mid-adulthood (Keltner & Gross, 1999) whereas lower
emodiversity would be a marker of successful aging in later adulthood. One reason we may not have
found moderation in these analyses may be the somewhat homogenous nature of our sample (40-65)
capturing mid-life, but not younger or older adulthood. Future research incorporating more age
heterogeneous (i.e. also include also phases in the lifespan) may be better equipped to assess for such age
related associations.
For the most part, but with some nuance, these findings aligned with what we expected based on
functionalist emotion, core affect, and biodiversity theories, and also aligned with prior research on
emodiversity (Quoidbach et al., 2014). Overall, these analyses suggest that emodiversity is a substantively
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meaningful construct to include in future investigations related to healthy and successful aging, with
many interesting future directions to explore.

A cautionary note about these analyses is that visual inspection of the distributions
presented in Figure 3 shows possible restricted range in positive emodiversity, which occurred
regardless of whether we operationalized emodiversity using binary or continuous scales for the
emotion items. These individuals all have maximum (or near maximum) diversity - total equality
of experience across the different positive emotions. One reason for this may be that some
individuals are not able to precisely indicate or differentiate between which of the discrete
positive emotions they experienced, and instead provided ratings based on a valence focus,
which is indicated by ratings using pleasant vs. unpleasant indicators of experience rather than
distinguishing between emotional states within positive valence (Barrett, 1998). Relatedly,
positive and negative emodiversity may be related to the granularity component of emotional
complexity, which describes the extent to which an individual is tuned into their emotional
experiences and able to articulate such experiences in a differentiated manner (Barrett, 1998).
Prior research indicates that negative emotions are easier/ more likely to be differentiated than
positive emotions. It has therefore been suggested that such differentiation is a pre-cursor to
emodiversity (Quoidbach et al., 2014), and may help explain the restricted range in positive but
not negative emodiversity.
Participants in the As U Live study represented a relatively homogenous sample in terms of age (4065), ethnicity (primarily White), and education (53% college obtained college or graduate degrees). These
participants were also to some degree healthier (M = 77.62, SD = 21.3) than the general population (M =
49.22, SD = 15.13) in terms of their SF-36 physical quality of life scores. Future research should further
examine age-related differences in emodiversity including individuals both younger (< 40) and older (>
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65) adults, and should also strive to examine emodiversity in a broader range of human characteristic
including ethnicity, educational experiences, and physical functioning.
Building on past research using a single occasion measurement design, this analysis used data from a
study that measured individuals’ discrete emotion experiences at the end of each day for 30 days to
operationalize emodiversity as a trait-like dynamic characteristic (Ram & Gerstorf, 2009) by assuming
stability of diversity over time. Although this approach may better reflect of individuals’ emotion
experiences over a specific period of time (e.g. the past day) than trait-based (e.g. the past four weeks), it
is inherently a recall-self-report-based design, and may still be susceptible to memory and other recall
biases. Additionally, emodiversity may itself change over time at fast (e.g. day-to-day, week-to-week) or
slow (e.g. month-to-month, year-to-year, across decades) time-scales. With ecological momentary
assessments, experience sampling, measurement-burst, and other designs wherein intensive repeated
measures are obtained at multiple waves, multilevel modeling and other types of dynamic models could
be used to better understand how constructs such as health covary with week-to-week or month-to-month
changes in emodiversity.
Theory regarding the utility of emodiversity ties the adaptiveness of a particular emotion experience
to context. Data used for the present study did not include indicators of contextual features in which these
emotions occurred nor measures of how adaptive individuals’ experienced emotions were in relation to
the particular contexts they were exposed to during the daily diaries. Opportunities thus exist for better
mapping of emodiversity to contextual features including environmental and developmental contexts. For
example, the degree to which emodiversity is beneficial may depend on the complexity of one’s
environmental context. Barrett & Campos (1987) argued that individuals have an “average expectable
environment,” which may facilitate or constrain opportunities for experiencing certain types of emotions,
and this environmental complexity varies from person to person. It is therefore conceivable that two
individuals who are low in diversity may not be comparable because one person’s environment may be
emotionally “rich” whereas the other’s may be “shallow.” Another opportunity would be further examine
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whether emodiversity is a marker for and/or contributes to optimal aging. Altogether, there are many
possible opportunities for further examining how emodiversity manifests across social, environmental,
and developmental contexts.
This paper extends prior research by using data obtained from individuals in situ, and further
demonstrating that emodiversity is a conceptually meaningful indicator of individuals’ emotion
experiences as they relate to physical health. The present study articulates and provides recommendations
for how to approach the calculation of diversity. We hope future research continues to expand the study of
diversity-type IIV constructs into other domains where discrete types of feelings and behaviors manifest
(e.g., types of stressors, types of activities, types of locations, types of social partners), to better
understand how the range of experiences an individual encounters contributes to health, well-being and
successful aging.
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