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Abstract This study aims to examine diabetes-related emer-
gency medical assistance (DREMA)-seeking factors among
type-2 diabetes patients and predict likelihood of patients
seeking DREMA before their next scheduled clinic visit.
This case-control-designed study comprised a systematic ran-
dom sampling of 228 patients who completed a structured
interview (mean age = 62.6 years). DREMA prediction model
was developed based on parameter estimates of a logistic re-
gression model on DREMA (≥ 1 admission vs. 0 admissions),
with variable selection from a forward stepwise selection pro-
cess, considering all 24 potential independent variables. For
the final DREMA prediction model, four variables were
retained via forward stepwise logistic regression analysis: (1)
age, (2) type of rice consumed, (3) physical activity outside of
a regular job, and (4) leisure time exercise frequency.
Likelihood of seeking DREMA increased with aging, regular
or frequent consumption of white rice rather than brown or
parboiled rice, and being physically inactive outside of occu-
pation. Odds of seeking DREMA were directly associated
with frequency of exercise during leisure time. With further
validation and model updating based on local population char-
acteristics, clinicians will be able to predict the DREMA-event
likelihood for each clinic patient diagnosed with type-2

diabetes. Modifiable DREMA-seeking variables suggest pos-
sible interventions for preventing undesired DREMA events.
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Introduction

Diabetes is a costly worldwide pandemic. Many patients di-
agnosed with type-2 diabetes mellitus have associated com-
plications, including cardiovascular diseases, nephropathy,
neuropathy, and foot ulcers, all of which can generate emer-
gency conditions [1–4]. For diabetes alone, occurrence of hy-
perglycemia and hypoglycemia primarily leads to medical
emergencies [5–8]. As paramedic emergency services are lim-
ited to trauma care [9], only three types of diabetes-related
emergency medical assistance (DREMA) are available for
diabetes patients in many low-income countries like Sri
Lanka, visit the following: a family practitioner; the outpatient
department of a public or private hospital; or the OPD of a
hospital with subsequent transfer to emergency room, inpa-
tient department (non-elective hospitalization), or a larger hos-
pital. All three options will be hereafter referred to as
BDREMA,^ without specifying the form of assistance.

Both meaningful and accurate validated mathematical clin-
ical prediction models have added advantages over human
clinical prediction approaches [10]. Mathematical models
can integrate more factors than a clinician is capable of con-
sidering during decision making [11]. Although human clini-
cal decision making is inconsistent and biased, especially
when time and/or clinician’s experience are limited, mathe-
matical models consistently produce the same output with
identical data inputs [11, 12]. Furthermore, empirical research
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findings demonstrate that several prediction models are more
accurate than human clinical prediction [13]. Models based on
multivariate logistic regression provide output in the form of
odds ratios (odds of an event occurring vs. the odds that it will
not), are user-friendly and interpretable with a less arbitrary
nature of assigning weights compared with univariate models
[14, 15].

This study aimed to retrospectively examine factors that
contributed to worsening of symptoms among type-2 diabetes
patients who attended a suburban medical clinic in Sri Lanka
and, utilizing a user-friendly logistic regression model, to pre-
dict the likelihood of a patient seeking DREMA before his/her
next visit to a clinic within 3 months. Patients with either
cardiovascular complications (e.g., hypertension, a history of
myocardial infarction) or other comorbidities (e.g., asthma,
epilepsy) and those with type-1 diabetes were excluded in
order to reduce the number of testable hypotheses as well as
to simplify the final prediction model [16].

Methods

Conceptual model Based on empirical research evidence, an
informal model was developed using a set of logical hypoth-
eses. Likelihood of preventing DREMAwas viewed as a com-
plex outcome of general health status, pre-existing condition
of diabetes, pre-disposing factors (e.g., age, education), rein-
forcing factors (e.g., social norms), and enabling factors (e.g.,
diabetes education) [17–19]. Variables that were thought to
influence DREMA seeking were categorized under six do-
mains: (1) anthropometry and blood sugar (measured at many
diabetes clinics), (2) demography and occupational posture,
(3) diabetes history and management, (4) food types and in-
take frequency, (5) physical activity and exercise, and (6)
smoking and alcohol consumption.

Study setting The study was conducted in the medical clinic
of Homagama Base Hospital, Sri Lanka located in a suburb of
the capital, Colombo. The medical clinic had been held twice
every week, whereas each clinic patient was expected to have
follow-up visits at least once every 3 months for consultation
and treatment—a free service. The Institutional Review Board
of Indiana University, USA, approved the recruitment of hu-
man subjects in this study.

Study design Case-control study design was utilized in a
medical clinic [20]. The study compared type-2 diabetes pa-
tients who had DREMA between two subsequent clinic visits
with type-2 diabetes patients who had no DREMA during a 6-
month period between February and July. The study design
involved the retrospective collection of behavioral data (cor-
responding to the time period prior to previous clinic visit) and
retrospective review of clinic records for fasting blood sugar

level (during previous clinic visit), along with on-site mea-
surement of weight, height, waist, and hips.

Study population Approximately a one third of medical clinic
patients had type-2 diabetes. The study population consisted of
clinic patients who had diagnosed type-2 diabetes mellitus but
had no other chronic illness (e.g., asthma, epilepsy). Patients
were recruited when they came to the pathology laboratory for
the fasting blood glucose (FBG) test prior to visiting the clinic.

SamplingmethodBased on these established exclusion criteria,
slightly less than half of type-2 diabetes patients were eligible. As
clinic procedures required all diabetes patients to complete a
FBG prior to follow-up management during their visit, FBG
testing was themechanism used to systematically draw a random
sample. Hence, every fifth diabetes patient who arrived for FBG
testing was invited to participate in the study. The first interview-
ee of each clinic day was selected by using random numbers.

Instrument Data were collected through use of a 31-item struc-
tured interview administered by a qualified physician. A study
information sheet was administered to participants prior to the
interview and special consent was obtained to examine clinic
records in addition to the informed consent. The survey was
originally developed for this study and had no prior validation.
Survey questions were formulated by four experts representing
four different disciplines (medicine, health behavior, nutrition,
and biostatistics) and were based on evidence from literature
and work experience in similar clinics. Interview questions re-
vealed information about the variables of interest in the concep-
tual model. All questions were appropriate to the culture and the
health-related behaviors of urban Sri Lanka.

Data collectionData collection occurred during regular morning
sessions of the twice weekly clinic. During the informed consent
process, 228 of the 251 total invited clinic patients responded to
the structured interview (Table 1), yielding a high response rate of
90.8% during the 3-month survey period. The interviewer—a
physician working in the pathology laboratory of the same hospi-
tal and not a diabetes clinic service provider—clarified the pa-
tients’ answers and recorded them appropriately. In order to min-
imize patients’ possible response biases, interviews were carried
outside the diabetes clinic but within the hospital. Any contradic-
ting or confusing information provided by a patient was resolved
by consulting his/her clinic records in order tominimize interview-
er bias and response bias. Total time taken for interview, anthro-
pometry, and clinic records review was approximately 30 min.

Data analysisDatawere input into Excel and then analyzedwith
IBM SPSS statistical software, version 24.0; 18 of the 24 inde-
pendent variables were treated as categorical data (see Table 1 for
details). The dependent variable, DREMAwas coded as 0 admis-
sions vs. 1 ormore admissions. PearsonChi-square tests (χ2) were
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Table 1 Description of Variables and Associations between DREMA and 24 Independent Variables (18 Categorical and 6 Continuous)

Variables EMA (Emergency Medical Assistance)

0 Admission >= 1 Admission

Categorical variables Overall frequency n % n % p value

Gender Female 113 93 82.3% 20 17.7% 0.281

Male 115 88 76.5% 27 23.5%

Posture at work Sitting and standing 121 93 76.9% 28 23.1% <.001

Walking 97 79 81.4% 18 18.6%

Heavy physical work 10 9 90.0% 1 10.0%

Having regular clinic visits? Yes 168 134 79.8% 34 20.2% 0.814

No 60 47 78.3% 13 21.7%

Diabetes education Yes 120 96 80.0% 24 20.0% 0.809

No 108 85 78.7% 23 21.3%

Barriers in changing life style Economic 39 30 76.9% 9 23.1% 0.895

Social 27 22 81.5% 5 18.5%

No barriers 162 129 79.6% 33 20.4%

Add sugar to tea/coffee? Yes 82 64 78.0% 18 22.0% 0.708

No 146 117 80.1% 29 19.9%

Usual lunch Rice 158 124 78.5% 34 21.5% 0.004

Bread 12 12 100.0% 0 0.0%

Other 21 21 100.0% 0 0.0%

Don't take lunch 37 24 64.9% 13 35.1%

Usual dinner Rice 101 84 83.2% 17 16.8% 0.466

Bread 13 10 76.9% 3 23.1%

Other 38 31 81.6% 7 18.4%

Don't take dinner 76 56 73.7% 20 26.3%

Frequency of eating bread More than once a day 62 45 72.6% 17 27.4% 0.122

Once a day 45 33 73.3% 12 26.7%

More than once a week 31 25 80.6% 6 19.4%

Once a week 68 61 89.7% 7 10.3%

Less than once a week 22 17 77.3% 5 22.7%

Frequency of eating rice Never 25 24 96.0% 1 4.0% 0.044

Once a day 35 31 88.6% 4 11.4%

Twice a day 57 42 73.7% 15 26.3%

Three times a day 111 84 75.7% 27 24.3%

Rice type Red 112 100 89.3% 12 10.7% <.001

White 116 81 69.8% 35 30.2%

Physical activities during past month Yes 209 174 83.3% 35 16.7% <.001

No 19 7 36.8% 12 63.2%

Frequency of eating fruit At least twice a day 41 36 87.8% 5 12.2% 0.007

At least once a day 82 72 87.8% 10 12.2%

More than once a week 54 36 66.7% 18 33.3%

Less than or equal to once a week 51 37 72.5% 14 27.5%

Exercise time None 135 96 71.1% 39 28.9% 0.040

Less than 30 minutes 21 20 95.2% 1 4.8%

Greater than or equal to 30 minutes 23 19 82.6% 4 17.4%

Exercise in leisure time Not at all 135 96 71.1% 39 28.9% 0.002

Less than once a month 12 10 83.3% 2 16.7%

Less than once a week 38 35 92.1% 3 7.9%
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performed to test associations between DREMA and the 18 cate-
gorical variables. t test was performed on the six continuous var-
iables; (1) BMI, (2) waist-to-hip ratio (WHR), (3) FBG, (4) age,
(5) time duration since diagnosis, and (6) number ofmeals per day.
Finally, the DREMA prediction model was developed based on
parameter estimates of a logistic regressionmodel onDREMA (≥
1 admission vs. 0 admissions), with variable selection from a
forward stepwise selection process, considering all 24 potential
independent variables. In the forward selection procedure, each
variable was entered into the model one at a time, and the most
significant variable was selected to enter into the model first. The
remaining variables were then tested again one at a time, with
inclusion of the next most significant variable, and so-on until
all significant variables had been added (p < 0.05). Table 2 pro-
vides the logistic regression for the retained variables. Receiver
operating characteristic (ROC) curvewas calculated for eachmod-
el. Area under the curve (AUC) used to compare the ability of the
model to accurately predict DREMA;AUC=1 indicates a perfect
predictor and ≤ 0.5 a worthless predictor [21]. Youden’s Index, J
(J = sensitivity + specificity – 100), identified optimum cutoff for
the probability of DREMA seeking, which best classified patients
asDREMA seeking and not seeking. Youden’s Index is common-
ly used as a summary measure of the ROC curve, because it can
identify the maximum potential effectiveness of a biomarker [22].

Results

Of the 228 respondents (mean age = 62.6 years), 113 (49.6%)
were female and 115 (50.4%) were male. Majority of the

participants did not have high school diplomas (74.1%) and
were either retired (53.1%) or unemployed (24.1%). Pearson
Chi-square tests (χ2) for the 18 categorical variables showed
that seven distinct variables were statistically significant
(p < 0.05) in predicting DREMA: (1) type of lunch
(χ2(3) = 13.41, p = 0.004), (2) frequency of eating rice
(χ2(3) = 8.09, p = 0.044), (3) rice type (χ2(3) = 13.18,
p < 0.001), (4) physical activities (χ2(3) = 22.93, p < 0.001),
(5) frequency of fruit intake (χ2(3) = 12.12, p = 0.007), (6)
duration of exercise time (χ2(3) = 6.44, p = 0.040), and (7)
frequency of exercise on leisure time (χ2(3) = 14.41,
p = 0.002). Those who did not eat lunch were most likely to
seek DREMA (35.1%) followed by those who ate rice
(21.5%), compared with those eating bread or BOther^ (0%).
Subjects who ate rice two or three times a day required
DREMA more often (26.3 and 24.3%, respectively) than
those who never ate rice (4%) or ate it once a day (11.4%).
Those eating white rice were more likely to seek DREMA
(30.2%) than those eating red rice (10.7%). Respondents
who reported not exercising regularly weremore likely to seek
DREMA (28.9%) than those who exercised.

No significant association existed between DREMA and
the remaining 11 variables; gender, posture at work, having
regular clinic visits, diabetes education, barriers in changing
lifestyle, adding sugar to tea/coffee, type of dinner, frequency
of eating bread, educational level, smoking, and alcohol use.

DREMA demonstrated a significant positive association
wi th FBG ( t (226) = 3.06 , p = 0.002) and BMI
(t(226) = 2.58, p = 0.011), where higher FBG (M = 7.45,
SD = 2.56) and higher BMI (M = 34.1, SD = 6.39) were found

Table 1 (continued)

Variables EMA (Emergency Medical Assistance)

0 Admission >= 1 Admission

43 40 93.0% 3 7.0%

Smoke Never 204 163 79.9% 41 20.1% 0.263

Given up temporarily or permanently 10 9 90.0% 1 10.0%

Less than or equal to daily 14 9 64.3% 5 35.7%

Alcohol Never 202 161 79.7% 41 20.3% 0.339

Given up temporarily or permanently 15 13 86.7% 2 13.3%

Less than or equal to daily 11 7 63.6% 4 36.4%

Continuous variables 0 Admission >= 1 Admission p value
Mean SD Mean SD

BMI 30.99 7.53 34.07 6.39 0.011

Waist Hip Ratio 0.78 0.17 0.82 0.13 0.051

Fasting Blood Glucose Level (mmol) 6.30 2.23 7.45 2.56 0.002

Age 62.12 9.30 64.30 10.95 0.169

Time duration since diagnosis of diabetes 9.92 4.07 9.68 3.08 0.711

How many meals do you usually eat? 3.04 0.32 3.00 0.47 0.508
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among respondents with at least one admission comparedwith
those with no admissions (FBG: M = 6.30, SD = 2.23; BMI:
M = 30.99, SD = 7.53).

However, WHR, time duration since diagnosis, and the
number of meals per day were not significantly important in
predicting DREMA.

For the final DREMA prediction model, four variables
were retained through a forward stepwise logistic regres-
sion analysis: (1) age, (2) the type of rice, (3) physical
activity outside of a regular job (yes/no), and (4) exercise
in leisure time (not at all, once a month or less, once a
week or less, every day). The likelihood of seeking
DREMA increased with aging, where those who were
10 years older were twice as likely to seek DREMA
(OR = e^ (0.07 × 10) = 2.01) than someone 10 years
younger. Regarding the type of rice, the odds of seeking
DREMA increased with regular or frequent consumption
of white rice rather than brown or parboiled rice. Thus, a
patient who regularly eat white rice tended to have 3.39
times the odds of seeking DREMA compared with those
who regularly eat brown or parboiled rice. With respect to
patients’ physical activity levels, being physically inactive
outside of occupation aggravated the unfavorable out-
comes associated with increasing age and increased the
likelihood of seeking DREMA. Specifically, patients
who did not engage in any physical activities outside of
occupational posture during the past month had 50 times
higher odds of seeking DREMA compared with those
who regularly participated in physical activities during
the same time duration. Also, the odds of seeking
DREMA were directly associated with the frequency of
exercise during leisure time. That is, a patient with higher
frequency of leisure time exercise had lesser odds of seek-
ing DREMA. For example, compared with those who
exercised almost every day during their leisure time for
the past 1 month (leisure exercise level 4), patients who
did not exercise at all during their leisure time (leisure
exercise level 1) had a 33.33 times higher odds of seeking
DREMA. The final DREMA prediction model selected
can be presented as a Y-prediction equation in the form
of (y = a + b*×1 + c*×2 + d*×3 + e*×4), where y is on

the logit scale to model the probability of DREMA, a
through e are the parameter estimates from the logistic
regression model, and ×1 through ×4 are each respon-
dent’s data values for the four independent variables in
the model:

Y ¼ log
p

1−p

� �
¼ −2:53þ 0:07� ageð Þ þ 3:91

� physically inactiveð Þ þ 1:22

� white rice consumptionð Þ−0:291
� leisure activity level 2ð Þ−1:63
� leisure activity level 3ð Þ−3:55
� leisure activity level 4ð Þ

To calculate the probability of DREMA, p = exp(Y)/(1 +
exp(Y)).

The probability of a given patient seeking DREMA, i.e.,
P(DREMA), can be calculated using the equation p = exp(Y)/
(1 + exp(Y)).

Finally, the AUC value for this DREMA-seeking predic-
tion model was 0.812 (Fig. 1), indicating a good classification
accuracy. Using Youden’s Index, the optimal cutoff point for
the probability of DREMA seeking based on the prediction
model is 0.285. Thus, a predicted probability of 0.285 or
above was classified as seeking DREMA, with moderate sen-
sitivity and high specificity values of 0.66 and 0.81, respec-
tively [23].

Discussion

Overall, the final DREMA prediction model was both mean-
ingful and simple (user-friendly), and with integration of a
tool (e.g., computer program) to help with calculations, may
prove useful to both clinicians and non-clinicians. With fur-
ther validation and updating of this model (and its underlying
concept) based on characteristics of local populations,

Table 2 Logistic Regression on DREMA (>=1 admission vs 0 admissions) (N=228)

Beta S.E. Wald df p-value Odds Ratio

Age 0.07 0.02 9.07 1 0.003 1.07

Rice Type (White vs Red) 1.22 0.43 8.20 1 0.004 3.39

Any Physical Activity outside regular job (No vs Yes) 3.91 0.85 21.15 1 <.0010 49.90

Leisure Exercise: Less than once a month (Level 2) vs Not at all (Level 1) -0.29 0.86 0.11 1 0.736 0.75

Leisure Exercise: Less than once a week (Level 3) vs Not at all (Level 1) -1.63 0.69 5.61 1 0.018 0.20

Leisure Exercise: Less than or equal to everyday (Level 4) vs Not at all (Level 1) -3.55 1.12 10.00 1 0.002 0.03
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healthcare providers will be able to predict the likelihood of
seeking DREMA for each clinic patient diagnosed with
diabetes.

Several difficulties were encountered during this study.
Firstly, absence of a control group (e.g., non-daibetic patients)
made it impossible to investigate DREMA seeking by persons
who were not diagnosed with diabetes as well as those who
were diagnosed with diabetes and its common cardiovascular
complications. Secondly, data were missing for six variables
(removed) either because a patient refused to report them or
because the interviewer failed to collect the information from
a patient with adequate clarity. Student t test was performed to
compare means for patients with complete data profiles and
those with missing data, which excluded the existence of any
systematic difference [24, 25]. Thirdly, many variables that
were not significant in bivariate analysis may have multidi-
mensional constructs that are not easy to quantify. Put differ-
ently, the real-world scenario would be far more complicated
than the developed conceptual model [24]. Fourthly, the study
failed to collect data on patients who had not been discharged
from the hospital, were terminally ill, or had died following a
DREMA event during the study period because only those
who visited the clinic were investigated. In order to validate
the proposed model, further iterations of this study may use a
prospective approach. Moreover, the model may not be sen-
sitive to patients with either cardiovascular complications or
other comorbidities (e.g., asthma, epilepsy) and those with
type-1 diabetes since patients with such comorbidities were
excluded from the study. Therefore, the safer way of using the

prediction model would be recognizing low-risk patients rath-
er than leaving the model to identify high-risk patients. Thus,
future research should attempt to validate the model in a real-
world scenario involving patients with cardiovascular compli-
cations and other diabetes-related comorbidities.

Finally, model selection was based on statistical signifi-
cance and meaningfulness of the combination of variables.
Generalizing to a different community may require model
updating based on unique characteristics of the local popula-
tion [25].

Alternative methods, such as artificial neural networks
and decision trees, may also be useful to clinicians for
predicting DREMA events. Artificial neural networks are
computational models, which resemble neurons that gen-
erate an action potential based on an input from other neu-
rons of the network [26]. Software of the artificial neural
network interprets multiple inputs fed into it and produces
a dichotomous output. Both input data and outcomes help
the neural network to implicitly identify complex linear or
non-linear relations and possible interactions between pre-
dictor and outcome variables in order to calculate the prob-
ability of a specific outcome [27–29]. However, artificial
neural networks have several limitations, such as restricted
ability to explicitly identify causal relationships, not being
user-friendly, greater need for computational resources and
training, and tendency to effectively memorize irrelevant
data (overfitting) that reduces predictive accuracy [27]. A
mathematical algorithm, which is set to maximize the pre-
dictive accuracy, produces variables, cutoff values, and
suitable sequence of splitting, resulting in a Bdecision tree^
that can be easily translated into routine clinical practice
[14]. Clinicians can predict the outcome for patients by
simply following the answers to questions in each of the
boxes [30]. However, this method can be less accurate than
other prediction models because of the limited number of
variables available on the trees [31].

Several new questions arise from this study. The attitude of
clinicians toward using the model is critical and must be ver-
ified. Finally, model selection was based on statistical signif-
icance and meaningfulness of the combination of variables.
Research should investigate model applicability in different
types of communities [25], and, if not applicable, determine
required modifications based on unique characteristics of the
local population, e.g., anthropometric indicators, educational
attainment, diabetes education, food habits, and physical ac-
tivity. An impact analysis is required to measure the useful-
ness of the predictionmodel in the clinical practice with regard
to patient satisfaction, cost-benefit, and time/resource con-
straints [10].

Findings of this study may influence clinical practice; fac-
tors associated with increasing the likelihood of DREMA
events in individual patients were identified, suggesting inter-
ventions that might prevent those undesired events. In

AUC = 0.812 

Fig. 1 AUC value for DREMA-seeking prediction model
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particular, increasing the level of physical activity at home,
implementing a weight-loss plan to reduce central obesity
(WHR), executing a dietary plan to prevent hyper- and hypo-
glycemia, consuming brown or parboiled rice as a family hab-
it, and performing physical exercises five times per week,
either singly or in combination, are useful behavioral interven-
tions that may reduce the probability of DREMA events for
individual patients.
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