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Introduction to Quantitative Methods

C H R I S T I A N  M .   C O N N E L L

In recent years, there has been some debate in 
the field of community-based research regard-

ing the use of quantitative methods. On the one 
hand, more action-oriented proponents in the 
field argue in favor of constructivist or relativistic 
paradigms to promote greater engagement with the 
contextual and community-based inf luences that 
impact our areas of study (Lincoln & Guba, 2000). 
From this perspective, there is concern about the 
potential limitations, or even the potential harms 
to those who are disenfranchised, of more objec-
tive experimental paradigms (e.g., positivism and 
postpositivisism). On the other hand, proponents 
of these quantitative methods argue that as a scien-
tific discipline seeking to expand the inf luence of 
our field’s perspective on the way social and com-
munity research is conducted, we should embrace 
the strengths of methods based on these paradigms 
to facilitate rigorous hypothesis testing, produce 
research that is both internally valid and exter-
nally generalizable, and assess cause-and-effect 
relationships between constructs (Johnson  & 
Onwuegbuzie, 2004).

For many, this inherent tension suggests a need 
for the more pragmatic approach of methodological 
pluralism, or mixed methods research (Barker  & 
Pistrang, 2005, 2012; Tebes, 2005). Barker, 
Pistrang, and Elliott (2002) defined methodologi-
cal pluralism as a recognition that all research meth-
ods have relative advantages and disadvantages 
and that researchers should draw upon a variety of 
methods and use those most appropriate to the spe-
cific questions being studied. At its core, a mixed 
methods approach represents a call for the incor-
poration or integration of quantitative and qualita-
tive methods in the same research study (Greene, 
Caracelli,  & Graham, 1989; Langhout, 2003; 
Yin, 2006). Despite potential incompatabilities 

among these methods (Howe, 1988; Johnson  & 
Onwuegbuzie, 2004), community-based research 
appears to be evidencing a growing affinity toward 
a mixed methods approach. A  pragmatic justifi-
cation for this approach is well grounded in both 
methodological and epistemological concerns 
(Kloos, 2005; Morgan, 2007; Tebes, 2005). This 
perspective recognizes that both quantitative and 
qualitative approaches have inherent strengths and 
weaknesses. Thus, researchers should draw from 
an array of methods and approaches, taking advan-
tage of the strengths associated with each to bet-
ter understand social phenomena. Furthermore, a 
pragmatitic perspective maintains that the research 
question should drive the methods to be used, with 
researchers selecting the most appropriate tool or 
method to answer the particular research ques-
tion under investigation (Onwuegbuzie  & Leech, 
2005).

Although a mixed methods approach does 
expand the field’s ability to incorporate greater 
contextual understanding of inf luences on the 
subject matter that we study, it is equally impor-
tant (and not incompatible with a mixed methods 
approach) that the quantitative methods used by 
community-based researchers provide a strong 
framework for investigating complex and contex-
tualized phenomena in their own right. To main-
tain pace with the field’s complex theories of the 
“interplay between people and contexts” (Shinn & 
Rapkin, 2000, p.  185), community researchers 
should use data-analytic methods that best repre-
sent the relationship of ecological and contextual 
domains to the phenomena being investigated. 
This means that community researchers need 
to adopt measurement approaches that do a bet-
ter job of capturing contextual information, such 
as social network analysis (SNA) or geographic 
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information systems (GIS) methods (Luke, 
2005), or “ecometric” approaches (Raudenbush & 
Sampson, 1999, p. 3) to the assessment of ecologi-
cal contexts. Community researchers also must 
make greater use of data-analytic methods that 
incorporate contextual (i.e., setting-level) and 
cross-level (i.e., interactions between setting-level 
and individual-level) effects (Raudenbush & Bryk, 
2002), as well as more complex processes (e.g., 
indirect or mediating effects, moderation effects) 
cross-sectionally, longitudinally, and across con-
textual settings (Bollen & Curran, 2006; Duncan, 
Duncan, & Strycker, 2006; Kline, 2006; Preacher, 
Zyphur,  & Zhang, 2010; Raykov  & Marcoulides, 
2006; Tanaka, 2000). Finally, analytic methods 
should be dynamic and adaptable to the chal-
lenges of complex research designs and data struc-
tures. However, previous examinations of the 
state of the field’s statistical methods (e.g., Luke, 
2005)  revealed that community researchers con-
tinue to rely on more traditional data-analytic 
methods (e.g., analysis of variance [ANOVA], 
regression, and correlation), rather than methods 
permitting greater complexity (e.g., structural 
equation modeling [SEM], cluster analysis, and 
SNA) or contextualization (e.g., multilevel model-
ing [MLM] and GIS analysis).

In the remainder of this chapter I  frame 
the issue of what considerations should drive a 
researcher’s selection of quantitative methods 
when conducting community-based research, 
including the nature of the research question. This 
overview is intended to set up the subsequent chap-
ters of this section of the volume, which provide 
a more in-depth view of many of these advanced 
methods. In addition, I present an update of Luke’s 
(2005) review of the state of statistical analyses in 
community-based research to assess the current 
use of methods that are able to incorporate greater 
complexity and contextualization relative to more 
traditional statistical methods. Luke’s original 
review revealed that traditional analytic methods 
still predominated the field of community-based 
research. Luke argued that community researchers 
should embrace contemporary analytic methods 
(e.g., MLM, cluster analysis, GIS, and SNA) more 
consistent with the values and perspectives of the 
field with regard to the incorporation of contextual 
and community-based effects. This updated review 
will demonstrate the degree to which community 
researchers have heeded Luke’s call to incorporate 

such methods within the field and where further 
efforts are necessary to expand their use.

F R A M I N G  T H E   C H O I C E 
O F   Q UA N T I TAT I V E 

M E T H O D S 
F O R   C O M M U N I T Y- B A S E D 

R E S E A R C H
In selecting the appropriate type of quantitative 
statistical methods to be used in a given study, there 
are a number of factors that need to be considered. 
Ideally, these considerations are made prior to the 
collection and analysis phases of a study (e.g., dur-
ing the study conceptualization and design phases), 
but there are instances when the determination 
of data-analytic methods to be used occurs after 
data have already been collected (e.g., in the case 
of secondary analysis of existing data). A primary 
factor that should drive selection is the nature of 
the specific research questions to be answered. 
A  secondary set of concerns relates to the nature 
of the data that have been collected to answer 
the research question (e.g., number and type of 
dependent and independent variables, inclusion of 
covariates, and whether the data are cross-sectional 
or longitudinal; Tabachnick  & Fidell, 2013). For 
community-based research, an added set of con-
cerns to be factored into the data-analytic plan-
ning process are the means by which contextual 
factors are measured and how their relationship 
to other study constructs is to be assessed. A  fre-
quent focus of community-based research is the 
understanding of people in context and the vari-
ability of behaviors or other phenomena across 
social contexts (Barker  & Pistrang, 2005). Many 
community-based studies involve data collected 
at multiple levels to capture both individual and 
contextual processes. However, many traditional 
statistical procedures assume independence among 
our data elements. Thus, for community research-
ers, selection of appropriate data-analytic methods 
should also be informed by the contextual levels at 
which the researcher has designed the study and 
collected data.

As indicated, the nature of the research ques-
tion is a primary factor in determining the type 
of data-analytic method to be used. In addition to 
questions of a primarily descriptive nature (e.g., 
the characteristics of a particular group or phe-
nomenon), Tabachnick and Fidell (2013) iden-
tified five primary types of research questions 
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requiring quantitative statistical methods that sup-
port hypothesis testing (i.e., inferential statistics). 
These include questions about (a)  the degree of 
relationship among two or more variables, (b) the 
significance of group differences on a set of mea-
sures, (c) predictors of group membership, (d) mea-
surement and structure of constructs, and (e)  the 
time course of events.

The following sections brief ly summarize the 
core aims of each of these types of research ques-
tions, indicating traditional statistical methods 
that are relevant to each and highlighting exam-
ples of more sophisticated methods that facilitate 
the incorporation of more complex or contex-
tualized analyses relevant to community-based 
research. A number of these methods are described 
in greater detail in the chapters that follow. The 
specific types of analyses are meant primarily as 
a guide, as the lines between these different ana-
lytic methods are not necessarily fixed. Most can 
be considered variations of the generalized linear 
model, permitting skilled analysts and researchers 
to select from a wide array of data-analytic meth-
ods to answer the questions most appropriately 
(Onwuegbuzie  & Leech, 2006; Tabachnick  & 
Fidell, 2013). Muthén (2002) further extended the 
overlap among these methods through a general 
latent variable modeling framework implemented 
in the Mplus statistical software that facilitates 
even greater f lexiblity to incorporate multilevel 
data, latent variable measurement models, and 
process-oriented structural models to address 
complex mediating and moderating relationships 
among variables within the context of an array of 
different types of variables (e.g., continuous, dis-
crete, or count variables).

Degree of Relationship Questions
Degree of relationship questions focus on the extent 
to which two or more factors covary in a consistent 
manner; they are among the most common staticsti-
cal questions in psychological research. Traditional 
statistical methods include simple correlation (e.g., 
bivariate r) or standard regression techniques in 
the case of multiple continuous independent vari-
ables (IVs) or covariates and a single dependent 
variable (DV). For community-based research, 
these types of questions become more complex 
with the inclusion of setting-level data to contextu-
alize effects. Delany-Brumsey, Mays, and Cochran 
(2014), for example, examined the extent to which 

neighborhood social capital (a  contextual factor) 
serves as a protective buffer for family-related risks 
on child-level outcomes. Such a study asks not only 
about the direct effect of a contextual inf luence 
on an individual-level outcome but also about the 
extent to which that contextual inf luence interacts 
with a micro-level factor (e.g., family risk effects on 
child-level outcomes may vary by the level of social 
capital within a given neighborhood) to inf luence 
that outcome.

Traditional methods for assessing such a ques-
tion (e.g., regression-based models) assume a 
single-level data structure in which data are col-
lected only at the individual level, or any contextual 
information is disaggregated so that it is linked to 
individual participants (Duncan, Jones,  & Moon, 
1998). In addition, these methods assume indepen-
dence among participants (i.e., that participants are 
not clustered within higher order structures such as 
neighborhoods). When these assumptions are vio-
lated, the resulting anslyses may produce elevated 
Type I error rates and biased parameter estimates 
(Peugh, 2010; Raudenbush & Bryk, 2002). Finally, 
disaggregation of group-level information to the 
individual level (e.g., treating contextual informa-
tion about community settings as person-level 
data) also has the effect of treating all effects as 
fixed across contextual settings, a limitation that 
reduces the functionality of assessing for contex-
tual effects in the first place (Duncan et  al.,1998; 
Luke, 2005). Thus, for studies investigating the 
degree of relationship among variables it is criti-
cal that community-based researchers move away 
from traditional regression-based approaches to 
more appropriate multilevel models (Duncan  & 
Raudenbush, 2001; Raudenbush  & Bryk, 
2002) that more accurately ref lect the association 
among contextual factors and outcomes.

Significance of Group Differences 
Questions

Significance of group differences questions focus 
on the degree to which indicators of interest vary 
across meaningful groups (e.g., across experimen-
tal or quasi-experimental groups or across groups 
based on other criteria, such as status, context, or 
group affiliation). A  number of traditional statis-
tical methods are available for addressing such 
questions, including the t test, one-way ANOVA, 
and factorial ANOVA for continuous DVs with 
one or more discrete IVs; analysis of covariance 
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(ANCOVA) for the inclusion of covariates; and 
multivariate analysis of variance (MANOVA) or 
multivariate analysis of covariance (MANCOVA) 
when multiple DVs are included. For categori-
cal indicators, contingency table methods (e.g., 
chi-square) can be used to detect group differences 
in distribution.

As with traditional regression-based models, 
ANOVA-based models also assume a single-level 
data structure that can lead to biased parameter 
estimates or increased rates of Type I  error if the 
study design does not match the analytic approach. 
Hoffman and Rovine (2007) provided a thorough 
overview of specification procedures for multilevel 
models to test group differences in place of more 
traditional ANOVA models.

Cluster randomized trials (CRT; see 
Chapter 17) are one example of a community-based 
research design that poses a problem for tradi-
tional analytic methods when investigating group 
differences, as randomization occurs at the set-
ting level rather than at the individual level. This 
design introduces a nested data structure in which 
individuals are grouped into settings, with treat-
ment condition linked to the setting level and 
potential covarites available at both the individual 
and setting levels—the typical data structure of a 
multilevel model. In a recent example of a CRT, 
Hagelskamp, Brackett, Rivers, and Salovey (2013) 
randomly assigned 62 schools to a universal 
social-emotional learning intervention, with qual-
ity of classroom-level interactions as a primary 
outcome of interest. Given this data structure (i.e., 
classrooms clustered in schools, randomization at 
the school level), MLM was used to analyze inter-
vention effects, providing less biased parameter 
estimates of these effects and also allowing for 
school-level variation in classroom-level effects 
associated with the intervention.

Prediction of Group Membership 
Questions

Prediction of group membership questions are sim-
ilar in some respects to the more general question 
of the degree of relationship among constructs, 
except that the outcome of interest is typically dis-
crete or categorical in nature. Rather than assessing 
the degree to which changes in a given construct 
result in changes in a continuous outcome variable, 
the focus is on the degree to which a given set of 
independent variables increases or decreases the 

likelihood of being classified into a particular group 
(a categorical dependent variable) among a range 
of possible group classifications. Simple examples 
of these types of outcomes might include identi-
fication of predictors of being a smoker, graduat-
ing from high school, or joining a self-help group, 
although more complex group-level outcomes are 
possible in which there are multiple competing 
group outcomes (e.g., being a nonsubstance user, 
engaging in social use, or engaging in problematic 
levels of use). The traditional statistical approach 
would typically involve logistic regression (for a 
binary outcome) or multinomial regression (for 
nominal outcomes with more than two catego-
ries), in the case of a single dependent variable, or 
discriminant function analysis for multivariate 
outcomes. As with standard regression methods, 
extensions of MLM permit the incorporation of 
higher level contextual effects into these types of 
research questions (Merlo et  al., 2006). Gregory 
and Huang (2013), for example, were interested 
in understanding the unique predictive inf luences 
of student, parent, and math and English teacher 
expectations in the 10th grade on postsecondary 
status 4  years later. Using an extension of multi-
level modeling that permits cross-classification 
of students in multiple settings (e.g., classrooms), 
the researchers demonstrated the unique effects 
of expectations at the teacher, family, and student 
levels, as well as interactions between teacher expe-
cations and child and family-level factors (e.g., 
socioeconomic factors) on the likelihood of con-
tinuing to postsecondary education.

Another set of statistical methods that are begin-
ning to be used more frequently by community-based 
researchers to investigate predictors of group mem-
bership is mixture modeling (e.g., latent class analy-
sis [LCA] or latent transition analysis [LTA]; Lanza, 
Flaherty, & Collins, 2003). The goal of these meth-
ods are similar to that of cluster analysis, in that the 
aim is to identify homogeneous groups within a het-
erogeneous population based on similar patterns of 
response to a given set of indicators or on similar 
characteristics. These methods provide a way of rec-
ognizing the variability within a given sample and 
identifying subgroups that may have unique needs 
or characteristics. Once distinct groups are identi-
fied, researchers often try to identify those factors 
that predict likelihood of being in the particular 
groups that have been identified or understanding 
how group membership may influence subsequent 
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outcomes differentially across groups. Fowler et al. 
(2013), for example, used multilevel LCA to esti-
mate the prevalence of inadequate housing based on 
multiple indicators for families involved with child 
protective services. Through their analyses, they 
differentiated two groups, a normative group that 
did not show risk of housing instability and a smaller 
group of households (16%) that were more likely to 
exhibit risks for housing instability. Analyses iden-
tified a number of family and service-related fac-
tors that were associated with greater likelihood of 
membership in the housing risk group and showed 
that families in this risk group were nearly four times 
more likely to require housing-related services at 
12-month follow-up.

Measurement and Structure Questions
Measurement and structure questions focus on 
the underlying latent structure of a set of variables. 
These types of questions are at the heart of how 
researchers operationalize a construct and dem-
onstrate the validity of measurement strategies. 
These types of traditional measurement-related 
analyses typically involve either exploratory or 
confirmatory factor analytic methods (Floyd  & 
Widaman, 1995; Preacher  & MacCallum, 2003). 
Raudenbush and Sampson (1999, p. 3) argued that 
contextual measurement and structure questions 
need to evolve beyond traditional methods, or the 
result is a “serious mismatch . . . in studies that aim 
to integrate individual and ecological assessments.” 
To correct for this limitation, they proposed an 
ecometric corollary to psychometric approaches 
that combines MLM with aspects of item response 
theory, generalizability theory, and factor analysis. 
Their example provides a framework for develop-
ing measures of ecological context, using both 
survey and observational methods, that capture 
within- and between-setting variation more accu-
rately than traditional methods do. Barile, Darnell, 
Erickson, and Weaver (2012) engaged in a similar 
type of contextual measurement analysis, using 
multilevel confirmatory factor analysis (MCFA) 
to assess collaborative functioning among mem-
bers of nearly 160 community-based collabora-
tives. MCFA, like the approach of Raudenbush 
and Sampson, addresses the clustering inherent 
in community-level measurement strategies with 
multiple informants but does so from a latent 
variable modeling perspective that permits iden-
tification of the underlying factor structure to 

facilitate examination of structural relationships 
after accounting for measurement error.

Measurement-related models often also exam-
ine more complex structural relationships (e.g., 
indirect or mediating relationships) among latent 
constructs, representing a combination of both 
structural and regression-based models to assess 
association. SEM is a widely used method for 
analyzing such questions that has been used with 
increasing frequency by community researchers 
(Luke, 2005). A more recent development that mir-
rors the use of MCFA described earlier is multilevel 
SEM (MSEM; see Chapter 16). MSEM capitalizes 
on the strengths of the SEM approach over tradi-
tional regression models, as well as those of more 
general MLM approaches that disentangle within- 
and between-person variance. An added advantage 
of the MSEM approach over general MLM meth-
ods is the ability to specify and test cross-level 
mediation effects to explicate the mechanisms by 
which contextual effects inf luence individual-level 
outcomes (Preacher, Zhang,  & Zyphur, 2011; 
Preacher et al., 2010).

Time Course of Events Questions
Time course of events questions, the final ana-
lytic question type in the continuum presented by 
Tabachnick and Fidell (2013), focus on one of two 
aspects of longitudinal measurement, either (a) the 
amount of time to a given event or outcome or 
(b) the rate or trajectory of change in a dependent 
variable over time. Time to event analyses are tra-
ditionally analyzed using survival analysis, a type 
of statistical method that allows the user to assess 
both the likelihood of event occurrence over time 
(e.g., time to relapse in a treatment study or time to 
employment in a jobs program evaluation), as well 
as factors that inf luence the timing of event occur-
rence (Allison, 1995; Connell, 2012). With the 
adoption of a more general latent variable modeling 
framework (Muthén, 2002) described earlier, there 
have been significant advances in survival analytic 
methods to incorporate contextual effects through 
multilevel survival analytic models (Asparouhov, 
Masyn, & Muthén, 2006).

To assess changes in a dependent variable 
over time, traditional methods include repeated 
measures ANOVA as well as time-series analy-
sis, an approach that has not been used frequently 
in community research (see Chapter  18). Due 
to restrictions in repeated measures ANOVA 
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assumptions, repeated measures approaches also 
have been conceptualized from a multilevel frame-
work, with time treated as a Level-1 variable that 
is nested within the individual, now treated as the 
Level-2 model (Hoffman & Rovine, 2007; Singer & 
Willett, 2003) or from a latent variable framework 
(Bollen  & Curran, 2006; Duncan et  al., 2006). 
Both approaches have some advantages and disad-
vantages, and each can accommodate additional 
contextual inf luences through higher order mul-
tilevel settings. Chapter  14 provides an overview 
of latent growth modeling methods as applied 
to community-based research from this latter 
perspective.

Alternative methods of examining longitudinal 
trajectories in outcomes over time are based on mix-
ture modeling approaches described previously. 
LTA (Lanza et  al., 2003)  is a longitudinal exten-
sion of the LCA model that examines transitions of 
individuals between classes over time. In contrast, 
latent growth mixture modeling and its variants, 
such as latent class growth analysis (LCGA), iden-
tify subgroups within a heterogeneous population 
that follow more consistent trajectories of change 
over time. Lowe, Galea, Uddin, and Koenen (2014), 
for example, used LCGA to examine predictors 
of divergent trajectories of posttraumatic stress 
among urban residents, revealing four unique post-
traumatic stress trajectories (low, high, increasing, 
and decreasing) and particular contextual risks 
associated with detrimental trajectories.

T H E  C U R R E N T  S TAT E 
O F   A N A LY T I C  M E T H O D S 

I N   C O M M U N I T Y- B A S E D 
R E S E A R C H

With the recent advances in statistical method-
ology that incorporate more complex, contex-
tualized data-analytic approaches to address 
community-based research questions, how is the 
field of community psychology moving to embrace 
these methods? It has been more than 10  years 
since Luke (2005) conducted a review of quantita-
tive methods used in empirical papers within the 
American Journal of Community Psychology (AJCP), 
the f lagship journal of the Society for Community 
Research and Action (SCR A), for two 3-year peri-
ods (1981–1983 and 2001–2003) representing 
a 20-year period of research in the field of com-
munity science. This review provided a means of 
observing changes in the data-analytic practices 

of community-based researchers to move beyond 
traditional analytic frameworks (e.g., ANOVA, 
regression) toward more contemporary methods 
better suited to the particular research questions 
and types of data encountered by community 
researchers. A  total of 215 empirical papers—126 
from the early 1980s and 89 from the early 
2000s—were examined.

Luke’s analysis revealed a continuing reliance 
on traditional data-analytic methods into the early 
2000s, including ANOVA (37% of manuscripts), 
regression (37% of manuscripts), psychometric 
analysis (45% of manuscripts), and categorical anal-
ysis (e.g., chi-square analysis, 26% of manuscripts), 
as well as a heavy reliance on descriptive analyses 
(75% of manuscripts) and correlational methods 
(35% of manuscripts). In addition, Luke’s analysis 
revealed relatively infrequent use of more advanced 
analytic methods (e.g., SEM, 11% of manuscripts) 
or techniques that were specifically developed to 
incorporate contextually focused analyses, such as 
SNA, MLM, cluster analysis, or GIS. Each of these 
methods was used in fewer than 4% of manuscripts 
published in either the early 1980s or early 2000s. 
To encourage greater use within the field, Luke 
provided a brief overview of these latter meth-
ods (i.e., SNA, MLM, cluster analysis, and GIS), 
demonstrating their particular applicability to 
community-focused research.

To examine the degree to which the field of 
community research has advanced in its use of 
more sophisticated analytic methods to incorpo-
rate context in the past decade, I conducted a simi-
lar review of AJCP manuscripts from 2012 through 
2014. Unlike Luke (2005), I focused this review on 
original research articles, including those in spe-
cial issues, that included some level of quantitative 
or qualitative analysis. A  total of 218 manuscripts 
were indicated as “Original Articles” by AJCP for 
this period, but 45 manuscripts were excluded that 
presented no data analyses (e.g., conceptual or 
review manuscripts). This resulted in a final sample 
of 173 manuscripts that were coded for the present 
chapter.

To code the primary data-analytic methods 
used in AJCP during the 3-year period, the abstract, 
methods, and results sections of each manuscript 
were reviewed to identify the primary analytic 
method (or methods) used to answer the pri-
mary research questions posed by the study. Most 
studies also included some level of descriptive or 
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correlational analyses, but for purposes of this cur-
rent review such methods were recorded only if 
they were used as a primary analytic method (as 
opposed to standard reporting of descriptive sam-
ple characteristics). After an intial round of coding, 
some categories were collapsed based on a com-
mon underlying focus to the analytic approach. 
For example, ANOVA, ANCOVA, MANOVA, and 
t-test analyses were combined because all have a 
common analytic purpose (e.g., to evaluate the sig-
nificance of group differences), differing primarily 
on factors such as the number and type of DVs, IVs, 
and whether they accommodate additional covari-
ates. MLM and other methods that were used to 
address hierarchical or nested data structures (e.g., 
generalized estimating equations [GEE]; general-
ized linear mixed models [GLMM]) were combined 
based on the primary emphasis of addressing a mul-
tilevel data structure. Similarly, multiple regression 
and logistic regression were combined (regression), 
as were exploratory and confirmatory factor ana-
lytic methods (factor analysis), and cluster analysis 
and various mixture modeling approaches (clus-
ter/mixture). Finally, in addition to studies that 
included multiple distinct data-analytic methods, 
some types of analyses resulted in the application 
of multiple codes for a single analytic method. For 
example, although some repeated measures analy-
ses were conducted using latent growth methods, 
there were also papers that used MLM to examine 
growth trajectories. For these papers both MLM 
and latent growth were coded. Similarly, some 
manuscripts involved latent growth mixture mod-
eling and were coded for both mixture and latent 
growth modeling.

Figure 13.1 shows the frequency with which 
various analytic methods were used by papers pub-
lished in AJCP during the period examined. The 
majority of manuscripts (59.5%) involved use of 
a single analytic approach to address the primary 
research question or questions. Approximately 
29% used two different analytic methods, and 12% 
used three or four different analytic methods for 
primary analyses.

This review revealed some significant shifts in 
the data-analytic methods being used by the field in 
just the past decade. The most striking finding was 
a dramatic increase in the use of more sophisticated 
methods to incorporate contextual inf luences into 
research or to model more complex structural rela-
tionships among constructs. In particular, MLM 

and related methods (e.g., GLMM) have seen tre-
mendous growth in their use among community 
researchers, with nearly a quarter (23.1%) of papers 
using these methods, compared to only about 5% 
in the early 2000s. This represents a nearly fivefold 
increase in the rate of use of these methods in the 
past 10-year period. Similarly, the use of SEM has 
continued to grow among community researchers 
in the past decade. As recently as the early 2000s, 
only about 11% of AJCP manuscripts used SEM, 
compared to 16% in the most recent 3-year period. 
In addition, latent growth modeling (which extends 
SEM to analyze repeated measures data) was used 
by an additional 6% of research papers, suggesting 
that the use of SEM-based methods has doubled in 
the past decade.

Another data-analytic method that showed a 
significant increase in use over the past decade is 
cluster analytic and mixture modeling analyses 
(e.g., LCA, LTA, and growth mixture modeling). 
Only 3% of papers used these methods in the early 
2000s, while the current rates have tripled to more 
than 9%. Furthermore, there has been a shift to 
greater use of mixture modeling approaches com-
pared to more traditional cluster analytic methods 
during that same period.

These increases in multilevel and SEM-based 
methods are mirrored by a corresponding decrease 
in the frequency of use of more traditional analytic 
methods, such as ANOVA-based group-level com-
parisons or of regression-based models (including 
both multiple regression and logistic regression 
methods). In the past 30 years, the use of ANOVA 
and related methods has declined from approxi-
mately 66% in the 1980s to 37% in the 2000s to 22% 
in the most recent 3-year period. Regression-based 
models, which had been fairly stable from the 1980s 
to the 2000s, declined fairly steeply, from nearly 
48% to 20% in the most recent period.

These two parallel sets of changes in frequency of 
MLM and SEM, on the one hand, and ANOVA and 
regression modeling on the other, speak to an impor-
tant shift in the ways in which community-based 
research studies are being analyzed and reported. As 
indicated, traditional ANOVA and regression-based 
models are appropriate for single levels of analysis 
but are not able to adequately incorporate contextual 
effects (as is done with MLM) or test more complex 
relationships among variables (as is done with SEM). 
These changes suggest that community-based 
research (as represented by AJCP publications in 
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the field of community psychology for this review) 
is adopting statistical methods that are much more 
consistent with the questions that are being asked 
by researchers and the designs that are being used 
within the field.

In addition to these notable changes toward 
the greater integration of complex modeling, this 
review also revealed that some techniques remain 
underutilized despite their relevance to the types 
of research questions and data used by commu-
nity researchers. In 2005, Luke highlighted four 
analytic approaches that were largely absent from 
the field in the early 2000s: MLM, cluster analysis, 
SNA, and GIS. As already indicated, the use of both 
MLM and cluster-related methods has increased 
significantly since the review conducted 10  years 
ago. However, the use of SNA and GIS continues 
to remain quite low (4.0% and 1.7%, respectively). 
Both SNA and GIS are ref lected in chapters in this 
volume (SNA:  see Chapters  21 and 22; GIS:  see 
Chapter  10). Two additional methods, propensity 
score methods (PSM; Caliendo & Kopeinig, 2008; 
Rubin, 2001) and simulation-based methods such 
as agent-based modeling (ABM; Macy  & Willer, 
2002), were both utilized at relatively low rates as 
well (e.g., 2.9% and 1.2%, respectively). Luke and 
Stamatakis (2012) presented a useful overview of 
ABM in public health contexts that has significant 
implications for its use in community research, and 
Neal and Lawlor (see Chapter  20) provide a rich 
overview of their applications in a broader com-
munity context. PSM also has significant relevance 
to community researchers, providing a valuable 
means for removing selection bias and assessing 
group differences or causal effects in the context 
of quasi-experimental studies in which random 
assignment is not practical or possible. Given that 
many community researchers and evaluators fre-
quently utilize these types of quasi-experimental 
conditions, PSM offers a valuable means of more 
rigorous testing of effects than do traditional com-
parative approaches.

Finally, although this chapter is primar-
ily focused on the use of quantitative methods, 
the review of papers in AJCP also highlighted 
some interesting findings with respect to qualita-
tive and mixed methods analyses. Luke’s (2005) 
review revealed that the rates of qualitative analy-
ses in AJCP increased from 4% in the early 1980s 
to 17% in the early 2000s. The rate of qualitative 

analyses appears to have remained steady at 18% 
in the most recent period. Of the 31 papers that 
included qualitative analyses, approximately one 
third also included quantitative analyses (i.e., had 
mixed methods analyses). Most frequently, the 
quantitative components included regression anal-
yses (46%), ANOVA or t tests (36%), or categorical 
analyses (e.g., chi-square analyses; 27%) to assess 
group differences in the variables of interest. More 
sophisticated methods (e.g., SNA, MLM, GIS, or 
PSM) were used in conjunction with qualitative 
analyses for only one to two of the mixed methods 
papers reviewed.

C O N C L U S I O N
Over the past 50  years, there has been a consis-
tent call for advancement in the use of appropriate 
statistical methods to capture the complexity of 
community-based research questions. Such ques-
tions push the boundaries of traditional analytic 
methods, as they typically incorporate broader con-
textual inf luences on individual-level outcomes, 
examine complex processes as they unfold across 
person and context over time, or focus primarily on 
changes at the contextual level. These types of ques-
tions are critical to our central aim of understand-
ing the complex relationships between person and 
context (Shinn  & Rapkin, 2000). Unfortunately, 
our methods of statistical analysis have served as a 
potential limiting factor in realizing the full poten-
tial of community science to understand these 
phenomena, relying on traditional methods to test 
our hypotheses of these complex processes (Luke, 
2005).

It does appear, however, that the field is begin-
ning to make a significant shift in the use of more 
advanced statistical and data-analytic methods 
to appropriately model the complexity of our 
research questions and designs. In just a 10-year 
period, the level of methodological sophistica-
tion in our published research has made a seismic 
shift, particularly with respect to the use of MLM 
approaches as well as latent variable methods to 
capture complex processes (e.g., indirect effects), 
longitudinal effects, and population-level varia-
tion in phenomena of interest. This development 
is a critical stage in advancing community-based 
research, providing a strong foundation to test 
how theories and constructs operate within and 
across settings.
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