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ARTICLE INFO ABSTRACT

Keywords: Aims: Type 2 diabetes mellitus (T2DM), serious and increasingly prevalent among Mexican Americans, produces
Diabetes symptoms related to high and low glucose levels, medication side effects, and long-term complications. This
Clusters secondary analysis explored symptom prevalence, differences among symptom burden levels, and how symp-
MeXi?a“ Ar{‘ericaﬂs toms clustered.

g;;ll;glzz life Methods: Clinical measurements and survey data (demographic, quality of life, and the symptom subscale of the

Diabetes Symptom Self-Management Inventory) collected from Mexican American adults with T2DM (n = 71)
were analyzed for symptom prevalence, differences across levels of symptom burden, and symptom clusters.
Agglomerative hierarchical and k-means clustering analyses were performed on a Gower matrix. Internal vali-
dation methods and rank aggregation were used to identify the best clustering method of the two techniques and
to identify symptoms that clustered together.

Results: Participants reported mean = 14 symptoms; tiredness and trouble sleeping were most prevalent. People
with high symptom burden had significantly lower quality of life and perceptions of worse diabetes severity.
Hierarchical clustering produced three symptom clusters: cluster 1 = 9 symptoms (e.g. intense thirstiness, dry
mouth); cluster 2 = 9 symptoms (e.g., itching skin, weight gain, noise or light sensitivity); cluster 3 = 13
symptoms (e.g., nervous, headache, trouble concentrating, and memory loss).

Conclusion: Mexican Americans with T2DM report several co-occurring symptoms. Quality of life is significantly
worse for people with high symptom burden. Three distinct symptom clusters were identified. Studies with
larger samples are needed to further diabetes symptom science. Clinicians should assess and address patients' co-
occurring symptoms as a potential means of decreasing symptom burden and improving quality of life.

Symptom burden

1. Introduction

One in seven Mexican-American adults is diagnosed with type 2
diabetes mellitus (T2DM), an illness with substantial costs, morbidity,
and risk of mortality (American Diabetes Association [ADA], 2017;
Centers for Disease Control and Prevention [CDC], 2017). The majority
of people with T2DM experience a variety of symptoms no matter how
long they have been under care for T2DM. In four studies with Mexican
Americans with T2DM, 95-97% of participants reported having ex-
perienced an average of 4-11 symptoms in the prior week related to
hyper- or hypoglycemia, medication side effects, or long-term compli-
cations (Brown, Upchurch, Garcia, Barton, & Hanis, 1998; Garcia, 2005;
Garcia, 2011; Garcia, Brown, Horner, Zuiiga, & Arheart, 2015). People
with more symptoms are more likely to have higher hemoglobin Alc
levels and lower quality of life scores (Brown et al., 1998; Garcia, 2005;

Garcia, 2011). When asked, people might report having symptoms even
though they do not perceive the symptoms as important or bothersome
to them. Thus, symptom burden, a combination of number of symp-
toms, symptom frequency, and perceived importance of the symptoms,
may be a more meaningful patient-oriented measure than symptom
prevalence alone.

People with chronic diseases often experience more than one
symptom at a time. Groups of symptoms that occur together are known
as clusters. Symptom clusters are clinically important because the
symptoms may have a common etiology and may guide treatment de-
cisions. Identifying diabetes symptom clusters is the first step in the
National Institutes of Health Symptom Science Model, with the ultimate
goal of advancing “precise and personalized interventions to treat and
manage illnesses and improve health” (Cashion, Gill, Hawes,
Henderson, & Saligan, 2016, p. 504).
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Studies have documented symptom clusters related to cancer
(Barsevick, 2007; Barsevick, Whitmer, Nail, Beck, & Dudley, 2006;
Miaskowski, Dodd, & Lee, 2004; Van Lancker, Beeckman, Verhaeghe,
Van Den Noortgate, & Van Hecke, 2016), kidney disease (Almatary,
Douglas, & Bonner, 2016), cardiovascular disease (Bose et al., 2017;
McSweeney, Cleves, Zhao, Lefler, & Yang, 2010), and HIV/AIDS
(Wilson et al., 2016; Zuiiiga, Bose, Park, Lapiz-Bluhm, & Garcia, 2017).
However, little is known about diabetes-related symptoms that occur
together. Furthermore, the association of diabetes symptom burden
with Alc, quality of life, and other patient characteristics has not been
explored. Therefore, the purpose of this study was to 1) identify the
most common symptoms experienced by Mexican American adults with
T2DM; 2) analyze differences among sex, acculturation, education, time
since diagnosis, number of comorbid conditions, number of medica-
tions, hemoglobin Alc, body mass index (BMI), blood pressure (BP),
quality of life and symptom burden; and 3) explore how diabetes
symptoms cluster together.

2. Methods
2.1. Design, sample and setting

We conducted a secondary analysis of baseline data that were col-
lected as part of a randomized controlled trial designed to test a
symptom-focused diabetes self-management intervention for Mexican
Americans with T2DM (Garcia et al., 2015). After approval by a uni-
versity institutional review board, the parent study was conducted in a
mid-sized city and adjacent suburban and rural areas in Texas where
Latinos comprise over one third of the population. Mexican Americans
with T2DM were recruited from community settings such as clinics,
public libraries, grocery stores, and health fairs via flyers and in-person
contact (Garcia et al., 2015; Garcia, Zuniga, & Lagon, 2017). Partici-
pants self-identified as Mexican-Americans with T2DM, aged
25-75 years, and spoke English or Spanish. Participants were excluded
if they received dialysis, were currently or recently pregnant, had
cancer, or were receiving or recently received cancer treatments be-
cause those conditions were associated with symptoms similar to T2DM
or could affect weight, one of the outcomes of the parent study.

2.2. Instrumentation

Data for these analyses include demographic and disease char-
acteristics, clinical measures (Alc, total symptoms, BP, total choles-
terol, high density lipoprotein [HDL], low density lipoprotein [LDL],
triglycerides, BMI) and quality of life. Data were collected in partici-
pants' homes and included height, weight, vital signs, venous blood,
and surveys. Height and weight were measured with a calibrated por-
table scale and stadiometer. Blood pressure was measured according to
American Heart Association guidelines (Pickering et al., 2005). We
averaged three readings, each taken one-minute apart. Blood samples
were analyzed in a certified, licensed, and accredited commercial la-
boratory.

The survey questions were read aloud in Spanish or English and the
participants' responses were recorded on the survey by the data col-
lector. Patient and disease descriptors included age, sex, education,
marital status, time since diagnosis with diabetes, type of diabetes
treatment, concurrent medical conditions, and medications. We used
the 38-item symptom subscale of the Diabetes Symptom Self-
Management Inventory (DSSCI), which asks participants if they had the
symptom in the previous week and how important they feel symptom
is. Response choices for symptom prevalence were 0 = “never”,
1 = “rarely”, 2 = “sometimes or a little”, 3 = “occasionally or often”
and 4 = “mostly or constantly.” Symptom importance was defined as
the respondent's subjective rating based on whether the symptom
happens frequently, is constant, is bothersome, or worrisome. Response
choices for symptom importance were 0 = “not at all,” 2 = somewhat
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important,” and 4 = “very important.” Evidence of validity of DSSCI
symptom subscale was demonstrated with correlations between higher
total numbers of symptoms reported on the DSSCI with scores on the
Illness Perception Questionnaire- revised identity (symptom) subscale
(r=0.57, p < .001) and scores on the Center for Epidemiologic
Studies- Depression questionnaire (r = 0.65, p < .001; Garcia, 2011).
Symptom burden is the sum of the combination of the reported fre-
quency and importance scores for each symptom. The internal con-
sistency reliability for the symptom burden subscale was good,
a = 0.81.

Quality of life was captured with the Diabetes-39 (Boyer & Earp,
1997), which asks respondents to indicate the impact of items per-
taining to diabetes control (12 items), anxiety and worry about diabetes
(4 items), energy and mobility (15 items), social and peer burden for
diabetes management (5 items), and sexual functioning (3 items). Re-
sponse options ranged from 1 = “not affected at all” to 7 = “extremely
affected.” Items were summed and a weighted mean obtained for each
subscale and a total standardized summated score obtained, higher
scores indicating that diabetes had a significant negative impact on
quality of life, i.e. higher scores equate to worse quality of life. In this
study, the total internal consistency of the total Diabetes-39 was very
good at 0.94 and subscale alphas ranged from 0.73 to 0.96. In addition,
we used a single item measure of perceived diabetes severity (1 = not
at all severe; 7 = most severe); diabetes severity scores were standar-
dized to a scale of 0-100; higher scores indicating perceptions that
diabetes was more severe.

2.3. Statistical analysis

Data were entered into an SPSS database (v.24) and checked for
accuracy. BMI was calculated as kg/m?. Each participant's total number
of symptoms in the previous week was obtained by summing all
symptoms with frequency codes from 1 to 4. Frequencies, percents,
means, and standard deviations were calculated to describe the sample
and examine symptom prevalence. We calculated symptom burden by
multiplying the frequency score by the importance score for each
symptom and then summing the burden score for each symptom. We
formed groups for high, medium and low symptom burden based on
tertiles and then calculated one-way ANOVAs with Bonferroni post hoc
comparisons to assess differences across symptom burden groups in age,
sex, acculturation, Alc, BMI, HDL cholesterol, LDL cholesterol, trigly-
cerides, time since diagnosis, number of concurrent medical conditions,
quality of life, and perceived diabetes severity. We used a probability
level of 0.004 (=0.05/12 ANOVASs) to evaluate statistical significance
of ANOVAs.

We conducted a cluster analysis of the symptoms, excluding seven
symptoms because at least one case was missing a value for those
symptoms, using R, version 3.3.3. We used principal component ana-
lysis (PCA) to create components, or sets of related variables, that ex-
plain most of the variance in symptoms (Alpaydin, 2014). PCA extracts
the most essential information so that clusters are more stable (Husson,
Josse, & Pages, 2010). PCA has been used to find a set of highly cor-
related symptoms related to pain (Fishbain et al., 2014) and HIV
symptom clusters (Zuniga et al., 2017). We used the generated PCA
components to test two clustering techniques: hierarchical and k-
means. Both methods modeled clusters by measuring the similarity of
observations using Gower distances between data points (Everit,
Landau, Leese, & Stahl, 2011). The goal of cluster analysis is to find a
solution in which clusters are significantly different from one another
and composed of meaningful groups of symptoms (Dunn et al., 2017).

First, we implemented agglomerative hierarchical clustering on
Gower distance matrices. Clusters were merged if they resulted in the
smallest increase in the overall sum of squares of within-cluster dis-
tances. A dendrogram, as shown in Fig. 1, provides a visual re-
presentation of the distance at which clusters were combined. Next, we
implemented clustering using k-means, which involves the pre-
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Fig. 1. Hierarchical Clustering Clusters. Dendrogram
showing cluster distances.
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Table 1
Sample Characteristics (N = 71).
Characteristic Mean (SD) Range Frequency n (%)
Female 47 (66%)
Age in years 49.5 (9.1) 29 - 68
Education in years 12.3 (4.3) 3-24
Languages read and spoken *
Only Spanish or Spanish better than English 31 (44%)
Both equally 8 (11%)
Only English or English better than Spanish 31 (44%)
Acculturation 11.6 (6.1) 4 - 20
Married or Partnered 28 (39%)
Employed full time 36 (51%)
Years Since Diagnosis 6.7 (5.9) 0 - 30
Diabetes treatment
No medication 4 (6%)
Oral medication only 41 (58%)
Injectable (Insulin or Byetta, alone or with oral medication) 26 (37%)
Number of Medications 45(4.1)0-24
BMI " 36.4 (9.7) 22.5 - 84.5
Hemoglobin Alc% * 8.5(2.3) 5.6 - 16.0
Number of Comorbidities 1.8(1.2)0-5
Have one or more comorbidity 64 (90%)
Note: 'N = 68, *N = 70, N = 69. Percentages may not add to 100% due to rounding.
specification of the number of clusters, or k. By examining potential 3. Results

cluster solutions from the dendrogram obtained from hierarchical
clustering, we chose an initial starting value for k at 3 and also tested
solutions for 4 and 5 clusters (Everit et al., 2011). To confirm the best
method (either hierarchical or k-means) and the number of clusters, we
used internal validation measures of connectivity and Silhouette width.
Connectivity represents the extent to which items are placed in the
same cluster as their nearest neighbors in the data space. Connectivity
values should be small. The Silhouette value measures the degree of
confidence in the clustering assignment of a particular observation,
with well-clustered observations having values near 1 and poorly
clustered observations having values near —1. These metrics were
plotted for 3-, 4-, and 5-cluster solutions. We used an optimal list so-
lution, based on rank aggregation metrics (Pihur, Datta, & Datta, 2009)
that enables selection of the best method and number of clusters.

39

The sample of n = 71 Mexican American adults with T2DM were
predominantly female and middle aged; almost half were Spanish-
speaking. Participants ranged from newly diagnosed to having lived
with diabetes for 30 years (mean 7 years). Most were prescribed oral
hypoglycemic agents (57%); over one quarter of the sample took insulin
alone or with oral medication. Mean baseline Alc was 8.4%. Almost all
(90%) had at least one concurrent medical condition; the most common
was hypertension (53%). See Table 1.

Nearly all respondents (97.3%) reported having at least one
symptom in the prior week that could be related to diabetes and most
(93.0%) reported having three or more symptoms (mean 14 symptoms,
range 0-30). The most commonly reported symptoms were tiredness
(67.6%), problems sleeping (59.2%), numbness or tingling in the ex-
tremities (57.7%), and dry mouth (56.3). The least commonly reported
symptoms were discolored skin (9.9%), infection (14.1%), and weight
gain (15.5%).
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Fig. 2. Internal validation measures of Connectivity and Silhouette Width.
Internal validation measures evaluate the performance of the clustering tech-
niques in partitioning the dataset into clusters.

Symptom burden ranged from 0 to 376 (M = 123.8, SD = 92.2).
There were no significant differences in age, sex, acculturation, Alc,
BMI, HDL cholesterol, LDL cholesterol, triglycerides, time since diag-
nosis, number of concurrent medical conditions, or any specific co-
morbid condition, across the three levels of symptom burden. Quality of
life and perceived diabetes severity were significantly different between
the low and high symptom burden groups. Quality of life was worse
(mean difference = —25.08, standard error = 6.19, F = 8.243, df = 2,
p = .002) and perceptions of diabetes severity were higher (mean dif-
ference = 33.46, standard error = 4.81, F = 24.187,df = 2,p < .001)
for the group with the highest symptom burden.

Based on internal validation measures, hierarchical clustering per-
formed better than k-means, achieving lower connectivity values and
maximum Silhouette width (Fig. 2). Thus, three clusters was the op-
timal hierarchical clustering solution. As shown in Fig. 3, Cluster 1 (C1;
n = 9 symptoms) is composed of sweating, intense thirstiness, urinating
more than usual, cravings, dry mouth, tiredness, numbness or tingling,
problems sleeping, and dry skin. Cluster 2 (C2; n = 9 symptoms) is
composed of itching skin, weight gain, discolored skin areas, noise or
light sensitivity, trembling, flushing, sexual problems, burning in feet or
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legs, and hair loss. Cluster 3 (C3; n = 13 symptoms), with the largest
number of symptoms, is composed of constipation, dizziness, indiges-
tion or nausea, sadness, irritability, easily angry, nervous, fidgety,
weakness, anxiousness, headache, trouble concentrating, and memory
loss.

4. Discussion

Similar to other studies of Mexican American adults with T2DM
(Brown et al., 1998; Garcia, 2005; Garcia, 2011) we found that almost
all participants reported having symptoms in the prior week that could
be related to their T2DM, perhaps due to hyper- or hypoglycemia
medication side effects, or long-term complications. Participants re-
ported symptoms even though most had been diagnosed and under
treatment on average for six years. The most frequently reported
symptoms, tiredness and problems sleeping, and many other reported
symptoms could result from T2DM or many other conditions. For this
reason, diabetes symptoms are challenging to assess and treat. For ex-
ample, although people may experience symptoms related to diabetes,
they may attribute the symptoms to other conditions or perceive them
to be unamenable to diabetes treatments.

High symptom burden was not related to age, sex, acculturation,
Alc, BMI, HDL cholesterol, LDL cholesterol, triglycerides, time since
diagnosis, or number of concurrent medical conditions. However, high
symptom burden was associated with worse quality of life and stronger
perceptions of diabetes severity. Thus, even though some symptoms
may be perceived as minor or unimportant, symptom burden, calcu-
lated from symptom frequency and with people's perceptions of
symptom importance, is an important patient-centered variable.

Mexican American's symptoms pertaining to T2DM clustered into
three clearly delineated clusters. However, we cannot identify a single
etiology to account for all the symptoms in a cluster. For example,
symptoms in Cl could pertain to hyperglycemia. Thirsty, dry mouth,
and urinating more than usual are classic symptoms of diabetes-related
hyperglycemia (Garcia, 2011). However, sweating is also included in
this cluster and cold sweats are frequently associated with hypogly-
cemia (Garcia, 2011). Many symptoms in C2 could pertain to long-term
effects of diabetes (e.g., itching skin, discolored skin, burning sensation
in hands or feet, and sexual problems), while other symptoms in C2
could pertain to hypoglycemia (e.g. trembling) or have no clear origin
(e.g., hair loss, flushing, sensitivity to light or noise). Similarly, C3 is
composed of symptoms that may represent high blood glucose (e.g.,
indigestion, constipation, sadness, anger) or low blood glucose (e.g.,
dizzy, nervous, anxious, fidgety) medication side effects, or perhaps
other conditions (Garcia, 2011).

The Diabetes Symptom Self-Care Inventory asks about symptoms
experienced in the prior week and it is possible that people reported
symptoms they experienced days apart rather than simultaneously.
Therefore, clinicians and researchers should assess for symptoms that
truly co-occur. Furthermore, to examine symptoms that are specifically
linked to hyperglycemia or hypoglycemia, patients should be instructed
to record a glucose self-test result when they notice a symptom and
clinicians should assess patients' symptoms at the same time that their
glucose is measured. Another challenge is to interpret the significance
of ongoing or continuously experienced symptoms, such as dry skin, or
numbness and tingling in extremities in terms of glucose levels,
symptom clusters and other conditions such as inflammation, and
vascular or nerve damage.

A limitation to our analyses is the small sample size. We observed
relatively high standard deviation values, which could increase the
chance of detecting a minimal effect size. Future analyses should be
conducted with larger samples to find smaller but statistically sig-
nificant differences between clusters. Larger samples would also allow
for analyses to include clustering of people, not just symptoms. This is
necessary to address the next step of the NIH Symptom Science Model,
creating biological, behavioral, and psychological phenotypes of people
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Fig. 3. Implementation of hierarchial cluster cluster number on PCA scores plot.

experiencing the symptom clusters (Cashion et al., 2016; Dunn et al.,
2017).

5. Conclusion

Mexican American adults with T2DM are likely to experience three
or more symptoms that could be related to their diabetes at any given
time. We found three distinct symptom clusters using the symptom list
from the Diabetes Symptom Self-Care Inventory. New measurement
strategies are needed to further explore if there are common physiologic
underpinnings of symptoms within these clusters and to link symptom
clusters to patient outcomes. However, this study adds to the fledgling
science of diabetes symptomology and points to the need for clinicians
to assess patients' symptoms and co-occurring symptoms that likely
impact symptom burden and quality of life.
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