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Purpose: Interventions that are tailored to the specific psychosocial needs of people with diabetes may be more effective than a “one
size fits all” approach. The purpose of this study is to identify patient profiles with distinct characteristics to inform the development of
tailored interventions.
Methods: A latent class cluster analysis was conducted with data from the ENCOURAGE trial based on participant responses to 6
baseline psychosocial measures, including trust in physicians, perceived discrimination, perceived efficacy in patient–physician
interactions, social support, patient activation, and diabetes distress. The trial’s primary outcomes were hemoglobin A1c, body mass
index, systolic blood pressure, low-density lipoprotein cholesterol, and quality of life; secondary outcomes were diabetes distress and
patient engagement.
Results: Three classes of participants were identified: Class 1 (n = 72) had high trust, activation, perceived efficacy and social support;
low diabetes distress; and good glycemic control (7.1 ± 1.3%). Class 2 (n = 178) had moderate values in all measures with higher
baseline A1c (8.1 ± 2.1%). Class 3 (n = 155) had high diabetes distress; low trust, patient engagement, and perceived efficacy; with
similar baseline A1c (8.2 ± 2.1%) as Class 2. Intervention effects differed for these 3 classes.
Conclusion: Three distinct subpopulations, which exhibited different responses to the ENCOURAGE intervention, were identified
based on baseline characteristics. These groups could be used as intervention targets. Future studies can determine whether these
approaches can be used to target scarce resources efficiently and effectively in real-world settings to maximize the impact of
interventions on population health, especially in impoverished communities.
Keywords: latent class cluster analysis, patient-centered care, diabetes, self-management, trust in physicians

Introduction
The chronic nature of diabetes requires long-term adherence to medications and lifestyle adjustments (diet, physical
activity, blood glucose monitoring), but adherence to these recommendations is variable, especially among minority low-
income patients living in rural areas.1–6 Patient engagement in their own care has been shown to lead to better outcomes,
and an important first step in achieving engagement is education.7 However, education alone has been shown to yield
only modest improvements in glycemic control, suggesting that more intensive interventions may be needed.8 In
resource-constrained settings, an understanding of which patients are at greatest need and providing them with the
most effective services can maximize the efficient use of resources. Unfortunately, approaches to achieving this goal are
not well established.

The concept of tailoring interventions is gaining traction. A recent meta-analysis examined the effects of culturally
tailored diabetes education on diabetes control for ethnic minorities with type 2 diabetes.9 The authors found that the
magnitude of the effect varied based on intervention settings and baseline hemoglobin A1c (A1c) level, and concluded
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that more randomized controlled trials are needed.9 Indeed, other than the lack of glycemic control, it is not clear which
specific characteristics are best targeted for tailored interventions, especially for rural populations. In addition to
knowledge deficits, many rural dwellers with diabetes face economic constraints and limited social supports due to
their relative isolation. For many minorities, trust in health care providers and perceived discrimination pose additional
challenges. These characteristics may be present in varying degrees in subgroups of a population, and unless they are
specifically targeted and overcome, these barriers could prevent a culturally adapted but generic intervention from being
effective in the given subgroup, limiting the overall impact of the intervention.

An analytic method that can help to define groups of patients with distinct patterns of characteristics is latent class
cluster analysis (LCCA), a person-based rather than a variable-based analytic method used widely in consumer-oriented
industries to differentiate people into subgroups based on a set of defined measures.10 LCCA can be used to identify
distinct clusters of individuals so that members of the same class have similarly response patterns that are in turn very
different from the patterns found among individuals in the other classes. Specific to diabetes self-care, LCCA can
differentiate subgroups of patients based on measures, such as diabetes distress, trust, confidence, engagement, social
support, and perceived discrimination. Interventions could then be tailored to the specific needs of each subgroup. LCCA
was conducted to identify subgroups of patients in a community-based intervention trial with the ultimate goal of
describing subgroups that may warrant different intervention approaches.

Methods
Sample and Setting
Data used in this study were obtained from the community-based cluster-randomized ENCOURAGE trial conducted in
rural Alabama from 2010 to 2012.11 The trial tested the effectiveness of brief diabetes education plus a peer coaching
intervention compared with brief education alone in improving diabetes outcomes among diabetic residents of under-
served, rural, mostly African American communities. Recruitment, intervention development, and data collection are
described in detail elsewhere.12,13 Briefly, 424 adults who wanted help with their diabetes were enrolled and received
a 60-minute in-person diabetes group education class and personalized report card at baseline. Intervention participants
were paired with a volunteer peer coach who resided in the same community and worked with them for at least 10
months primarily via telephone using a patient-driven approach to goal setting and monitoring, problem solving and
social support. Because 19 patients had incomplete baseline information on the domains used in LCCA, the current study
included a final sample of 405 participants with 187 in the intervention group and 218 in the control group. All
participants provided written informed consent in accordance with the Declaration of Helsinki. The institutional review
board of the University of Alabama at Birmingham approved the study protocol.

Measures
All measures used in the analyses described below were assessed through an in-person interview conducted by trained
personnel using standardized and quality controlled protocols. Participants’ body weight and height, and blood pressure
were measured and recorded by trained research assistants at both baseline and 12-month follow-up. A1c and low-density
lipoprotein (LDL) cholesterol were measured using point-of-service equipment in capillary fingerstick blood. All
questionnaires were administered by trained, certified, and quality-controlled community members using structured
interviews.

Variables Used to Determine Class Membership – Indicator Variables
Class membership was determined using baseline participant attitudes and perceptions about diabetes treatment, including
trust in physicians, patient activation, perceived efficacy of patient–physician interactions, social support, diabetes distress,
and perceived discrimination. Cronbach's alpha was calculated and reported in parentheses in the study sample to show the
reliability of each measurement scale. General trust in physicians was assessed using the sum score of the validated 11-item
Wake Forest Trust in Physicians Scale with reverse coding for negatively worded items (ie, item 2 and item 7) (α= 0.86),
with larger values indicating more trust.14 Patient engagement was assessed using the sum score of the validated 13-item
Patient Activation Measure (α= 0.89), with higher scores indicating more engagement.15,16 Perceived efficacy was assessed
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using the sum score of the 5-item Perceived Efficacy in Patient–Physician Interaction (PEPPI) (α=0.89); higher scores
reflect higher self-efficacy.17 Social Support was measured using the sum score of the 5-item Diabetes Social Support
Questionnaire-Family Version with reverse coding for negatively worded items (ie, item 4 and 5 (α= 0.68), the larger values
indicating more family support.18 Diabetes distress was assessed using the sum score of the validated 17-item Diabetes
Distress Scale (α= 0.92), with higher scores indicating greater distress.19 Perceived discrimination was assessed with the
7-item Everyday Discrimination Scale (α= 0.82), using a dichotomized coding with any “yes” response to the 7 items
indicating perceived discrimination (yes/no).20

Descriptive Variables
Age, race/ethnicity, sex, educational attainment, and household annual income were self-reported. Physiologic para-
meters included A1c, blood pressure, low-density lipoprotein (LDL) cholesterol, and body mass index (BMI); these
measures correlate directly with longer term outcomes.21 The trial had only one 12-month follow-up. All change scores
of the physiologic parameters were calculated between the 12-month follow-up and baseline. Depression was measured
using the Patient Health Questionnaire 8 (PHQ-8) (α= 0.85);5 this variable was dichotomized with the sum score of the 8
items greater or equal to 10 as depressive. Quality of life was assessed using a single item assessing overall health from
the Short Form-12, dichotomized as fair or poor vs good health,22 as well as the EuroQol-5D self-reported health state
(range 0–100).23,24 Delay in seeking healthcare during the past 12 months was assessed using 9 yes/no questions
(α= 0.69) (Appendix Table 1); this variable was dichotomized with a “yes” response to any of the 9 questions categorized
as “delayed seeking care”.

Statistical Analysis Methods
LCCA, also known as mixture-model clustering, is a specific case of a finite mixture model. LCCA is a probabilistic
model-based clustering approach that can be used to identify mutually exclusive homogeneous classes of individuals
within a larger population.10 The identification of classes is based on common patterns of how patients/participants
responded to each of a set of measures. The fundamental assumption is that class membership is unobserved (ie, latent)
but can be inferred from individual characteristics generated by a mixture of underlying response probability distribu-
tions. The parameters of the LCCA models can be treated as representing the class membership probability and the
conditional response probability is estimated using a maximum likelihood criterion based on the expectation maximiza-
tion algorithm.25 The pattern of conditional response probabilities within each class provides an interpretational frame-
work for understanding derived classes.10 Generally, the conditional response probability pattern is relatively
homogeneous/similar for the participants within a given class but heterogeneous/different from the patterns of partici-
pants who are members of the other classes. The class membership probability parameter indicates the proportional
membership (relative frequency of participants) assigned to each derived class. The number of classes was based on
several goodness-of-fit measures, including the log-likelihood ratio χ2, akaike information criteria (AIC), and Bayesian
information criterion (BIC).25 The smaller AIC and/or BIC indicates a better model. The final classification was selected
based on the BIC values, number of parameters, size of classification errors, and interpretability.

To understand the different identified classes, we examined participant characteristics within and across classes,
including baseline demographics, physiologic variables, and health behaviors. We examined the relationship between
qualitative variables and class membership using Chi-square test, and compared the means of quantitative variables
across classes using a one-way analysis of variance (ANOVA). Data were analyzed using SPSS 27.0 (Armonk, NY: IBM
Corp) and Latent GOLD 4.5 ® (Arlington, MA: Statistical Innovations) software. A p-value of 0.05 was used to indicate
statistical significance.

To examine whether the intervention tested in the ENCOURAGE trial had differing effects on the classes that
emerged from the LCCA, which would support the need for tailoring in this population. Generalized Additive Models
(GAM) were used so that differences between the intervention and control groups could change non-linearly with the
participants’ time from baseline to follow-up with adjustment for temporal factors and imbalances in
sociodemographics.11 This analytic strategy was used by team members for the overall trial data. Details are available
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elsewhere.26 We repeated the same analyses for each class. These analyses were carried out using the package mgcv in
the R statistical programming language version 3.0.1.27–29

Results
Characteristics of the participants are given in Table 1, overall and by class. In total, 405 participants were included in the
study, with an average age of 60 ± 13 years old. Among them, 76% were female, 87% were African American, 30% did
not complete high-school education, 84% reported annual household income less than $30,000, and 50% self-reported
fair or poor general health (Table 1).

The LCCA revealed 3 classes of patients/participants who were distinct in terms of how they perceived their diabetes
treatment (Figure 1). The BIC values for the classifications with 1, 2, 3, and 4 groups are shown in the Appendix Table 2.
Although the BIC value for the 3-class model was not the smallest, the 3-class solution was selected as the final model
because of its interpretability and the relatively small size of classfication errors. All indicator variables in the model
(baseline trust in physicians, patient activation, perceived efficacy of patient–physician interactions, social support,
diabetes distress, and perceived discrimination) were statistically significant differentiators of at least 2 classes (p < 0.05).

There were 72 participants identified as members of Class 1 (18% of the total sample). For the indicator variables,
participants in this class reported high trust in physicians, patient engagement, perceived efficacy in patient–physician

Table 1 ENCOURAGE Trial Participant Baseline Characteristics, Across 3 Classes Defined Using LCCA (n = 405)

Class 1 Class 2 Class 3 Overall
72 178 155 405

(18%) (44%) (38%) (100%)

Socio-demographic characteristics
Age, mean (SD), ya 63 (14) 60 (13) 58 (12) 60 (13)
Female sex, N (%) 62 (86) 133 (75) 111 (72) 306 (76)

Black, N (%) 62 (86) 150 (84) 137 (90) 349 (87)

<High school education, N (%) 23 (32) 48 (27) 51 (33) 122 (30)
Unmarried, N (%) 46 (64) 111 (62) 92 (60) 249 (62)

<$30,000 annual household income, N (%) 55 (83) 129 (81) 122 (89) 306 (84)

Fair or poor general health, N (%)a 24 (33) 77 (43) 100 (65) 201 (50)
Disease-related measures
A1c, mean (SD), %a 7.1 (1.3) 8.1 (2.1) 8.2 (2.1) 8.0 (2.0)

Percent of life with diabetes, mean (SD) 19 (17) 22 (19) 21 (16) 21 (17)
Insulin therapy, N (%) 25 (35) 64 (36) 70 (46) 159 (39)

Low density lipoprotein cholesterol (LDL-C), mean (SD), mg/dLa 100 (36) 111 (39) 115 (42) 111 (40)

Systolic blood pressure, mean (SD), mm Hg 136 (22) 135 (22) 137 (24) 136 (22)
Depressive symptoms (Patient health questionnaire score ≥10), N (%)a 10 (14) 25 (14) 71 (46) 106 (26)

Body mass index, mean (SD), kg/m2 36.6 (8.3) 35.7 (8.7) 36.6 (8.7) 36.2 (8.6)

Quality of life (EQ-5D score, range 0–100), mean (SD)a 77 (19) 74 (17) 67 (19) 72 (19)
Health behavior measures
Delayed seeking care in past 12 months, N (%)a 25 (35) 89 (51) 112 (72) 226 (56)

Ate fruit/vegetables ≤3 days in past week, N (%)a 27 (38) 49 (28) 74 (48) 150 (37)
Indicator variables for LCCAa

Trust in physicians (range 0–44), median (IQR) 36 (11) 31 (8) 25 (14) 30 (11)

Patient activation (range 13–52), median (IQR) 42 (11) 40 (6) 39 (6) 39 (8)
Perceived efficacy in patient–physician interactions (range 5–50), median (IQR) 50 (0) 46 (7) 37 (16) 46 (12)

Diabetes distress (range 17–102), median (IQR) 20 (9) 26 (9) 46 (23) 28 (20)

Social support (range 5–25), median (IQR) 25 (0) 21 (5) 17 (6) 21 (7)
Perceived discrimination, N (%) 9 (3) 49 (28) 90 (58) 148 (37)

Note: aValues differed significantly across the 3 classes, p <0.05.
Abbreviations: EQ-5D, EuroQuol-5D; IQR, interquartile range; LCCA, latent class cluster analysis; SD, standard deviation.
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interactions, and social support; they also had low diabetes distress and few reported perceiving discrimination. Among
the classes, they had the fewest participants with fair or poor general health, reporting depressive symptoms, or reporting
having delayed seeking care. Of the 3 classes, they had the best glycemic control at baseline.

There were 178 individuals in Class 2 (44% of the total sample). For the indicator variables, compared to Class 1,
they had slightly less trust in physicians and were slightly less engaged, with slightly lower perceived efficacy in patient–
physician interactions, slightly greater diabetes distress, slightly less social support and considerably more perceived
discrimination, and reported less depressive symptoms that are similar to participants in Class 1.

Class 3 included 155 participants (38% of the total sample). Relative to the other classes, members of this class had
the lowest values in trust in physicians, patient engagement, self-efficacy in patient–physician interactions, and social
support and the highest values in diabetes distress and perceived discrimination. Class 3 also had the most participants
having depressive symptoms than the other two classes (ie, 46% in Class 3 vs 14% in Class 1 and 2). Notably, glycemic
control was remarkably similar in Classes 2 and 3.

The figures (A–G) depict the results of the GAMs showing the estimated intervention effect within each class
(intervention vs control) as a function of time between baseline and follow-up data collection (Figure 2). In these graphs,
the class-specific p-values indicate statistically significant control-intervention differences. Significant changes in BMI
were observed for Classes 1 and 2 but not Class 3 (A). Only Class 1 intervention participants had improved A1c relative
to controls (B). LDL-cholesterol and systolic blood pressure did not improve for any intervention vs control participants
regardless of class membership (C & D). Quality of life differed for Class 3 intervention vs control participants, but not
for those in other classes, although there was a borderline statistically significant control-intervention difference in Class
1 (p = 0.06) (E). Diabetes distress differed for Class 3 intervention vs control participants, but not intervention vs control
participants in the other classes (F). Patient engagement declined over time but differed significantly between interven-
tion and control participants only for Class 2 (G).

Discussion
This study identified 3 distinct groups, or latent classes, using LCCA based on heterogeneity in the perceptions and
attitudes of diabetes treatment among the ENCOURAGE trial population. The GAM analysis demonstrated that the
intervention, which was culturally adapted and highly individualized but not tailored to characteristics of patients in the
different classes, had differing effects across the 3 classes. Particularly noteworthy is the fact that Class 2 and Class 3 had

Figure 1 Item probabilities in the three latent classes.

Risk Management and Healthcare Policy 2022:15 https://doi.org/10.2147/RMHP.S355470

DovePress
1059

Dovepress Qu et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com
https://www.dovepress.com


Figure 2 Control-intervention differences in change in outcome variables between baseline and follow-up across 3 classes of participants in the ENCOURAGE trial defined
based on LCCA (A–G).
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similarly elevated A1c at baseline, yet the intervention acted quite differently on members of these two classes. This
suggests that among individuals with uncontrolled diabetes in this population, there are distinct groups that may have
benefitted from different intervention approaches. For example, an intervention for Class 3 members could have included
specific support for depressive symptoms and distress, and specific strategies aimed at improving confidence by
interacting with healthcare providers; Class 2 characteristics suggest that its members would not have required as
much emphasis on these domains, allowing them to focus on other issues. Furthermore, although everyone in the trial
expressed the desire for help with their diabetes, members of Class 1 may only have required education and minimal
additional intervention. LCCA could provide guidance on where the most intensive resources are needed, creating
a greater impact on the population at lower cost.

Individually tailored interventions have been shown to be effective in some studies, but tailoring has typically focused
on specific behaviors or risk factors rather than psychosocial attitudes or beliefs. Heise et al conducted a latent class
analysis (LCA) based on self-management behaviors in German population-based data. They found that the typology
from the study provides important insights for prevention strategies within diabetes health care.30 A recent study
identified three latent classes based on subtypes of dietary behavior and examined the association between class
membership and cardiometabolic risk factors. The authors suggested the LCA-driven obesity phenotypes are helpful
in assessing and managing obesity and metabolic syndrome by providing interventions tailored to the needs of
participants in each class.31 Andrade et al identified latent classes using baseline behaviors and examined the relationship
between class membership and adherence to weight loss program in a randomized controlled trial. They found that the
classification might be a useful guide to improve long-term adherence and assign interventions to individual users.32 One
Dutch study identified subgroups of chronically ill patients with high needs and high costs based mainly on demographic
and socioeconomic characteristics to tailor primary care for patients with different needs.33 Another Dutch study tailored
cardiovascular risk reduction based on which risk factors were uncontrolled; this intervention was also designed to detect
and treat depression, but no tailoring based on other psychosocial determinants was included.34 On the other hand,
a Swiss physical activity intervention reported no differences between an on-line tailored vs untailored intervention;
tailoring was not targeted at psychosocial factors.35 It is currently unknown whether tailoring an intervention to attitudes
and beliefs, such as trust in healthcare providers or confidence in engaging healthcare providers’ results in better diabetes
outcomes, but such tailoring would be feasible in the context of a peer coaching intervention.

This study’s limitations include the relatively small sample size, which limits the ability to discern differences in
intervention effects across the 3 classes. It is therefore noteworthy that, despite the modest sample, statistically significant
differences were in fact observed; a larger sample might have permitted even more differences to emerge. Plots of the
GAM results did not include confidence regions to avoid visual confusion. Given the small sample size, there is
considerable overlap, and we expect differences among classes may have appeared less extreme if the samples had
been larger. The analysis of the intervention effects shares limitations with the overall study as discussed in detail
elsewhere.26 The generalizability of the 3 classes that we described may also be limited; LCCA in a different population
using the same indicator variables may identify different groups of people. Another limitation might be noticed that all
questionnaires were administered to participants that might lead to biased responses for some measurement scales that
were developed for self-administered, eg, Patient Activation Measure. Other limitations include that the data are 10 years
old because the trial was conducted in 2010–2012. The trial sample was limited to “people who wanted help with their
diabetes”; therefore, this sample may consist of those who are particularly motivated to manage their diabetes better.
Different clusters might be identified with a more representative sample.

Conclusion
In conclusion, using LCCA, 3 distinct classes of participants with different patterns of attitudes and views about diabetes
treatment were identified. Individuals in these classes may benefit from distinct approaches to improving diabetes self-
care. The evidence indicated that a culturally adapted, highly individualized intervention had different effects across the 3
classes, supporting the possibility that tailoring the intervention based on class membership could have been more
effective. If future studies confirm the merits of such an approach, the methods used in this study could guide tailored
implementation in communities with scarce resources. In future study, it might be helpful to collect additional
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information to inform the development of tailored interventions, eg, participant’s zip code that would help to determine
rural or urban residence and calculate distance from home to healthcare facilities, use of telemedicine vs in-person
healthcare, and access to broadband Internet.

Abbreviations
AIC, Akaike information criterion; BIC, Bayesian Information Criterion; BMI, body mass index; EQ-5D, EuroQuol-5D;
GAM, generalized additive model; IQR, interquartile range; LCCA, latent class cluster analysis; LDL, low-density
lipoprotein; LL, log-likelihood; PHQ-8, Patient Health Questionnaire-8; SD, standard deviation.
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