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ABSTRACT

Background: Hypoglycemia (HG) is a common complication among diabetic patients. Many
diabetics who experience HG are admitted to hospitals and usually utilize more resources.
While plenty of studies examined multiple HG risk factors, there is limited knowledge
about the correlation between different risk factors of HG and their impact on utilization.
Objective: To identify key factors influencing utilization among diabetic HG patients and to
examine the mechanisms and interactions between those factors.
Design: A quantitative, non-experimental, and retrospective design that is based on the
selection of the study subjects from the Healthcare Cost and Utilization Project National
database for the years of 2012-2014. We employed Andersen Behavioral Model of Health
Services Use as the main framework for this study.
Results: Structural Equation Modeling was used as the main multivariate statistical method
for the analysis. Total sample size was 4822 patients. We found that diabetes complica-
tions, renal disease, hypertension, and high Charlson comorbidity index score had the
strongest impact on length of stay (LoS) as well as total charge. Geographical location of
patients strongly influenced total charge. Age had an indirect impact on LoS and total
charge.
Limitations: The use of secondary data seems to be the primary limitation for this study as
some relevant risk factors for hypoglycemia were not available in the database.
Conclusions: This study examined the multilevel character of different factors leading to
high utilization of healthcare services among HG patients admitted to hospitals. Findings
of this study help clinicians and policy makers to formulate policies and protocols that
aid in providing efficient care to HG patients with less utilization of resources.
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1. Introduction

Diabetes is a national health problem in the U.S. that affects
about one in every ten Americans, which is about 30 million
people [1]. That number is expanding as there are about 1.7
million new cases of diabetes diagnosed annually [2]. From
an economic perspective, diabetes imposes a substantial bur-
den on society. In 2017, the estimated total economic cost of
diabetes care in the U.S. was $327 billion [3]. Medical expendi-
tures incurred by diabetic patients are estimated to be $13,700
per year, which is approximately 2.3 times higher than non-
diabetic patients [4], with an average patient’s out-of-pocket
expenditure of $1373 per year [5]. Hospital inpatient care for
diabetic patients is considered to be the largest component
of their medical expenditures, which is about 43% of the total
medical costs related to diabetes [4]. According to the Ameri-
can Association of Clinical Endocrinologists (AACE) and
American Diabetes Association (ADA), more than 20% of all
hospital inpatient days were related to the care of diabetic
patients [6].

Hypoglycemia (HG) “a condition characterized by abnor-
mally low BGL, usually less than 70 mg/dl” is a common com-
plication among diabetic patients [7]. The incidence of HG
episodes is estimated to be 20 times per year, according to a
2015 systematic review and meta-analysis [8]. Although many
of these attacks are self-managed, sometimes patients expe-
rience severe symptoms that require hospital admissions. In
2011, about 300,00 ED visits in the U.S was because of HG
among diabetic patients [2]. About one-third (29.3%, CI, 21.8-
36.8%) of these cases need to be admitted to hospitals for fur-
ther management, according to a study published in the Jour-
nal of the American Medical Association (JAMA) [9]. In
general, many studies found that diabetics with HG have a
3-times higher chances of being hospitalized [10-14]. Further-
more, utilization of healthcare resources among those admit-
ted cases tend to be higher than others who do not have HG.
Their LoS is usually 3 days more than others [15-18]. Also, the
cost of treatment of those cases is significantly higher
[15,19,20].

The literature is loaded with multiple risk factors that con-
tribute to the development of HG events that require hospital-
ization. These studies also show that different factors play
different roles in the severity of the attack as well as the prog-
nosis and outcomes [21]. However, there is very limited
knowledge about the correlation between different risk fac-
tors of HG and their impact on utilization of healthcare ser-
vices. Therefore, the primary goal of the study is to identify
different factors influencing utilization among those patients
and to examine the mechanisms and interactions between
those factors. Furthermore, the study seeks to explore the
magnitudes of the main effects of each of the predictor vari-
ables and their interaction effects on health services use.

2. Theoretical framework

Ronald M. Andersen developed a Behavioral Model of Health
Services Use (BM) in the 1960s that is a highly respected
model to be used as a framework to identify predictors of
health care utilization [22-27]. Since the BM was introduced,

it has frequently been used in different studies that examined
the level of health care utilizations [28]. These studies inves-
tigated a broad spectrum of diseases such as diabetes, hyper-
tension, depression, heart diseases, cancer, and many others,
with the level of patients’ utilizations of healthcare services.
While the BM has been used to examine wide varieties of ill-
nesses including diabetes, it was not applied to examining
factors influencing HG care utilization.

The BM is a robust framework that categorizes different
individual determinants of health services utilization into
three components: Predisposing (P), enabling (E), and need-
for-care (N).

Predisposing component (P): Ps are “individual characteristics
which exist prior to the onset of specific episodes of illness”
[22]. These characteristics are primarily social and demo-
graphic factors, which perhaps differ from one person to
another and hence impact the level of utilization of medical
services [27]. This study included age, gender, and ethnicity
under (P) because they have been considered in many studies
that examined risk factors of HG [29]. The study also included
other factors such as dementia, depression, tobacco use, alco-
hol use, and drug abuse as they are usually considered in dif-
ferent studies that employed the BM [28].

Enabling component (E): Es are factors that enhance or inhi-
bit the use of healthcare services for people who already have
the predisposing component [23,30]. Medical insurance type,
socio-economic status, geographical location of the patient,
and the geographical location of the hospital area all relevant
factors considered in this study under E as they have repeat-
edly shown a strong influence on utilization for patients with
HG [29].

Need-for-care component (N): is the level of illness perceived
by the patient [26]. Regardless of the presence or absence of
the previous two components, once N present, patients start
to seek medical care and therefore it is considered the most
important component that lead to healthcare services use
[22,31]. This study included the following common factors
that impact the level of utilization among HG patients: DM
complications, type of DM, BMI underweight, hypertension,
liver failure, kidney disease, uncontrolled DM, and the Charl-
son Comorbidity Index (CCI) (Table 1).

3. Methods

We used a quantitative, non-experimental, and retrospective
design in this study that is based on the selection of the study
subjects from the Healthcare Cost and Utilization Project
(HCUP) National database for the years of 2012, 2013, and
2014. Using the International Classification of Diseases Ninth
Revision (ICD-9) diagnostic codes, the study only included
adults 18 older, who presented to ED with T1DM or T2DM,
and have HG. Since gestational diabetes is beyond the scope
of this study, pregnancy cases were excluded from this study.
A detailed description of the sample and the variables used is
described in details in a previous published article, which
used Decision Tree Regression (DTREG) analysis [32].
Initially, we determined descriptive statistics of the data
using the SPSS software and examined the presence of any
missing results. Afterward, we conducted correlation analysis
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Table 1 - List of study variables.

Predisposing Enabling Need-for-Care Utilization Outcome
1. Age 1. Insurance status 1. DM Complications 1. Hospital LoS 1. Severity of the
2. Sex 2. Socioeconomic Status 2. Type of DM 2. Cost adverse outcome
3. Ethnicity 3. Hospital Location 3. BMI underweight
4. Dementia 4. Patient Location 4. Hypertension
5. Depression 5. Hyperlipidemia
6. Tobacco use 6. Liver Failure
7. Alcohol use 7. Renal Disease
8. Drugs Abuse 8. Uncontrolled DM
9. Cancer
10. Charlson Comorbidity Index (CCI)
among all variables under different component. We excluded 3.1. Measurement models

highly correlated variables (>0.9) to avoid multi-collinearity
problem in the model. Then, Structural Equation Modeling
(SEM) was used as the main multivariate statistical method
for the analysis. This is because SEM is a very versatile
method that allows for the examination of latent constructs
with multiple indicators; accounts for measurement errors;
and conducts Confirmatory Factor Analysis (CFA). Moreover,
because this study employs the BM, multiple hypotheses
needed to be examined, and SEM effectively served this pur-
pose. Another advantage of SEM is that it can establish causal
sequence and confirm the stability of the measurement
model over time. For this study, the IBM® SPSS® Amos Graph-
ics 22 software was used to construct the measurement mod-
els. Then, CFA was conducted to test the construct validity of
the measurement models and make any modifications based
on the results. Lastly, a structural equation model was per-
formed, based on the BM, and then analyzed by the goodness
of fit statistics of the model.

Age

Sex !

AA_Hisp

Dementia

No_Depression

HLS

?9999¢

Fig. 1 - Measurement Model for the Predisposing
Component (Risk Propensity as an Exogenous Latent
Variable).

Measurement models illustrate the relationships between
latent constructs and their indicators. The model validation
process included validating each measurement model devel-
oped, followed by a causal model in the SEM to determine
the integrity of the proposed causal model.

The first component is the predisposing component or risk
propensity profile (a latent exogenous variable). As a latent
construct, risk indicators including age, gender, ethnicity,
depression, dementia, and healthy lifestyle (HLS) were coded
consistently in the same direction. Factors with higher scores
were considered to have an increased in the risk propensity
(see Fig. 1).

Next is the enabling latent construct, which includes four
indicators as shown in the following illustration (see Fig. 2):

N is assumed to be affected by P or E, and therefore, N was
categorized as an endogenous variable. The following dia-
gram shows the measurement model for N (see Fig. 3):

Based on the BM, a Structural Equation Model with the
Measurement Models was proposed for LoS and another one
for total charge. The models were formulated to examine
the inter-relations between P and E on N as well as their
impact on U, which are represented by LoS and total charge
(see Figs. 4 and 5):

Urban_hosp

Patient_Loc 3

SES

9990

Medicaid

Fig. 2 - Measurement Model for the Enabling Component
(Exogenous Latent Variable).
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Fig. 3 - Measurement Model of the Need-for-Care
Component (Need-for-care as an Exogenous Latent
Variable).

LOS

Fig. 4 - Andersen Behavior Model of Healthcare Utilization:
Predictors of Hypoglycemia LoS - Simplified.

As is shown in the above figures, P and E are correlated
with N. Also, all three components (P, E, and N) have a direct
impact on LoS or total charge. CCl is a control variable that is
correlated with N. This configuration was constructed based
on the findings of previous studies of HG that show how dif-
ferent factors that were inter-related with each other
impacted the level of utilization and outcome among HG
patients.

TOTCHG

Fig. 5 - Andersen Behavior Model of Healthcare Utilization:
Predictors of Hypoglycemia Total Charge - Simplified.

4, Results

Total sample size was 4822, which is sufficient for SEM.
Descriptive statistics revealed some missing data in few vari-
ables (sex, AA_Hisp, patient_loc, Medicaid, and SES). However,
the missing data for each of the variables was not more than
5% and we replaced them by the calculated mean. Then, we
inspected the normality for each variable and all were nor-
mally distributed except for LoS and total charge. Outliers
among those two variables were less than 0.3% of the data,
and achieve normality, we excluded them. We also examined
skewness and kurtosis indices for each variable. The SEM
guidelines consider absolute values for skewness >3.0, and
>10.0 for kurtosis extreme and not fit for the analysis
[33,34]. Only three variables under_wt, liver_dis, and cancer
showed extreme skewness or kurtosis and they were
excluded. Last, correlational analysis revealed that no vari-
able is highly correlated with the other.

4.1.  Confirmatory factor analysis (CFA)

This study has three latent variables: P, E, and N and all are
exogenous variables. A separate measurement model was
developed for each of the latent variables and then indepen-
dently validated by CFA.

4.2.  The predisposing component (P) or risk propensity

As mentioned earlier, the P construct was composed of six
indicators: age, sex, AA_Hisp, dementia, depression, and
HLS. Using AMOS Graphics 23, a CFA model was formulated:

As depicted in Fig. 6, all indicators had a strong positive
correlation with the latent variable P except for sex and
AA_Hisp where the correlation was very weak. However, all
indicators for the construct were statistically significant at
<0.05 with critical values >1.96 except for sex, where P =0.81
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Fig. 6 - Measurement Model for the Predisposing
Component (An Exogenous Latent Variable) - Generic.

and CR =0.24. Therefore, those two variables were excluded
from the original model in the modified/nested model (see
Fig. 7):

As is shown in the above-modified model for P, all indica-
tors had a strong positive correlation with the latent variable
P. In addition, there was a correlation between HLS and
no_depression, which indicated an indirect effect on the
latent variable P. The modified model had all critical ratios
>1.96 and they were statistically significant at p < 0.05.

Age

Dementia

No_Depression

14

()
@)

HLS

Fig. 7 - Measurement Model for the Predisposing
Component (An Exogenous Latent Variable) - Modified.

Urban_hosp

Patient_Loc

SES
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P93

Fig. 8 - Measurement Model for the Enabling Component
(An Exogenous Latent Variable) - Generic.

Urban_hosp

Patient_Loc
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Fig. 9 - Measurement Model for the Enabling Component
(An Exogenous Latent Variable) - Modified.

4.3.  The enabling component (E)

The E construct was composed of 4 indicators: urban_hosp,
patient_loc, SES, and Medicaid. Using AMOS Graphics 23, a
CFA model was formulated (see Fig. 8):

As is shown, all indicators had a strong positive correla-
tion with the latent variable E except for Medicaid, where
the correlation was very weak and adverse. In addition, all
indicators for the construct were statistically significant at
<0.05 with critical values >1.96 except for Medicaid, where
P =0.171. Therefore, the variable “Medicaid” was excluded in
the modified model (see Fig. 9):

The above modified model for E shows that all indicators
had a strong positive correlation with the latent variable P.
In addition, the modified model had all critical ratios >1.96
and they were statistically significant at p < 0.05.

4.4.  The need-for-care component (N)

As mentioned earlier, the N construct was composed of six
indicators: DM_comp, DMII, renal disease, hyperlipidemia,
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hypertension, and uncontrolled_DM. using AMOS Graphics
23, a CFA model was formulated:

As shown in Fig. 10, all indicators had a strong positive cor-
relation with the latent variable N except for uncon-
trolled_DM, where the correlation was negative. In addition,
all indicators for the construct were statistically significant
at <0.05 with critical values >1.96 except for uncontrolled_DM,
where P = 0.09. Therefore, uncontrolled_DM was excluded in
the modified model (see Fig. 11):

As is shown, the above-modified model for N shows that
all indicators had a strong positive correlation with the latent
variable (N). In addition, some correlations between the indi-
cators had been established to improve the model fit. The

DM_comp

DMII

Renal_Disease

Hyperlipidemia

Hypertension

UncontDM

PPP0% Y

modified model had all critical ratios >1.96 or <—1.96 and they
were statistically significant at p < 0.05.

4.5.  Structural equation modeling with the measurement
models

After revising the models for P, E, and N, two separate models
were developed and examined, one using LoS and another
one for total charge. The first model for LoS was constructed
based on the BM (see Fig. 12):

As is shown, N had the strongest impact on LoS, P had a
very weak one, while E had an insignificant relationship with
LoS. Diabetes complications, renal disease, hypertension, and
CCI seems to have the strongest impact on LoS. There was
also an inter-relation between P and N, which indicated an
indirect effect of age on LoS.

Regarding the model’s goodness-of-fit, it seems that the
model was not optimally fit because the likelihood ratio was
39.6. However, some indicators such as RMSEA and GFI
showed that the model was reasonably fit. In addition, addi-
tional modifications can be made in the model that might
improve its fit to the data.

A second model was constructed for total charge (see
Fig. 13):

Similar to the LoS model, N in this model had the strongest
impact on total charge. Also, Diabetes, renal disease, hyper-
tension and CCI appear to be the strongest factors that influ-
ence total charge. However, unlike LoS, E appeared to have a
moderate impact on total charge, while P was the weakest.
The geographical location of patients showed a strong impact
on total charge. The inter-relation between P and N was also
present as well as the correlation between CCI and N. The
model was also reasonably fit, as some of the indices were
at the target level while others were not.

Fig. 10 - Measurement Model for the Need-for-Care
Component (An Exogenous Latent Variable) - Generic.

DM_comp

DMII

Renal_Disease

Hyperlipidemia

@ Hypertension

4

Fig. 11 - Measurement Model for the Need-for-Care
Component (An Exogenous Latent Variable) — Modified.

5. Discussion

The SEM analysis clearly revealed that all the three factors: P,
E, and N had different impacts on LoS. N was found to have
the strongest impact on LoS, while P and E had a very weak
direct impact on LoS. N had the strongest impact on total
charge, followed by E. On the other hand, P seemed to have
a very week direct impact on total charge. When considering
LoS, N showed the strongest significant direct effect on LoS,
while P had a very weak but significant effect on LoS, and E
had a non-significant effect. Regarding total charge, all factors
showed a statistically significant impact. However, N still had
the strongest effect. When examining the models, we noted
that there were no inter-relations between E and N. However,
there was a strong inter-relation between P and N in the LoS
model as well as the total charge model (SRW = 0.25 for both
models). These findings indicated indirect effects on LoS.
The results indicated that different elements in the behav-
ior model vary in terms of their impact on the level of utiliza-
tion and outcome among HG patients. It also showed that the
most important predictor for length of stay and total charge
was the need-for-care component. Moreover, important
inter-relations were found between some components such
as the predisposing and need-for-care components, which
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Fig. 12 - Structural Equation Model with the Measurement Models for LoS and Outcome.

indicated that these components had indirect impacts on uti-
lization along with their direct ones.

5.1. Impact of different components on length of stay

Results of the SEM for length of stay did go along with the the-
oretical background for this study; the results showed that
the three different components (predisposing, enabling, and
need-for-care) had different impacts on utilization. Moreover,
the results indicated that the need-for-care had the strongest
effect on the duration of stay with a weight of 0.16. This mim-
ics the classical findings of the original developer of the BM,
Ronald Andersen [22,23]. The predisposing component had a
smaller effect, but statistically significant impact on patients’
length of stay. This means that patients with some risk fac-
tors under the predisposing component or the enabling com-
ponent will likely be expected to stay longer in the hospital.
For example, older patients with diabetes complications

who are located in larger metropolitan areas are expected to
spend more time in the hospital. Last, the enabling compo-
nent shows no effect on the duration of stay among diabetic
patients with hypoglycemia. This means that the socio-
economic status and geographical location do not play a sig-
nificant role in determining the duration of stay in hospitals
among those patients. Thus, when trying to tackle the issue
of length of stay among HG patients, this study suggests a
focus on issues related to factors under the predisposing
and need-for-care components rather than the enabling one.

However, this study showed that the main influence on
patients’ length of stay is when there are factors related to ill-
ness, which was clearly demonstrated by the inter-relation
between the predisposing component and need-for-care. In
turn, this finding goes along with the BM, where the predis-
posing component had a weak direct impact on utilization
but a stronger indirect impact through need-for-care. Thus,
patients who have some factors under the predisposing com-
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Fig. 13 - Structural Equation Model with the Measurement Models for Total Charge and Outcome.

ponent do not necessarily have longer stays in hospital unless
they have other factors under the need for care component.
This means that patients who have renal disease and diabetes
complications are more likely to stay longer in hospitals if
they are older and have dementia. In contrast, older patients
with dementia are not likely to stay longer in hospitals if they
do not show any diabetes complication, renal diseases, or
other factors under the need-for-care component.

These findings also support the findings from other stud-
ies in which certain factors such as dementia, tobacco use,
alcohol use, or drug use played an important role in patients’
behavior, including adherence to medication, regular follow-
ups for screening and prevention, and self-care measures
[35,36]. Consequently, those patients demonstrated more
comorbidities and illnesses, which lead to longer stays in
the hospital.

Another finding is related to comorbidities, demonstrated
as the control variable CCI. Since these comorbidities have a
great impact on utilization and outcome, the CCI variable
was applied as a controlled variable in an attempt to hold it
constant during the statistical analysis in order to test the rel-
ative relationship among the main component in the model.
The strong correlation between comorbidities and the need-
for-care component shown in the results was expected
because of the great number of previous studies that reported
the impact of different comorbidities on the severity of illness
among HG patients. This relationship provides great knowl-
edge to healthcare providers when considering the issue of
length of stay among HG patients. This is because comorbidi-
ties seem to have a major impact on the severity of illness as
well as the health consequences among HG patients. There-
fore, investing more effort and time in treating those comor-
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bidities might help to reduce the severity of HG episodes as
well as the duration of stay in hospitals.

5.2.  Impact of different components on total charge

When exploring the results of the SEM for the second element
of utilization, total charge, this study found once more that
the three different components had different impacts on uti-
lization, with the need-for-care being the strongest with a S.R.
W of 0.17. Thus, patients who have some factors under the
need-for-care component are more likely to incur higher
charges, regardless the presence or absence of any other fac-
tors under the predisposing or enabling component. However,
the results also show inter-relations between the predispos-
ing and the need-for-care components. This means that some
factors such as patients’ age and dementia can have an
impact on the total charge if there are other factors under
the need-for-care component such as renal disease and
hypertension present in the patient. Likewise, the DTREG
results showed that the presence of renal disease and DM
complication, as factors under the need-for-care component,
were the key factors in defining the total charges associated
with the admission. Yet, higher chargers were found to be
among older patients, a factor under the predisposing compo-
nent, who have renal diseases and DM complications.

Regarding comorbidities, the findings in the total charge
model are similar to those in the length of stay model. The
results show a great relation between comorbidities and the
need-for-care component. This means that patients with a
higher comorbidity index are more likely to incur higher
charges for their admission. Thus, when considering reducing
the charges among HG patients, it is important to invest more
time and effort in treating other comorbidities associated
with those patients.

5.3. Implications

One important finding in this study is that level of utilization
is correlated with the geographical location of diabetic
patients with HG. Therefore, this study suggests that more
effort is needed toward residents in rural areas such as eval-
uating the availability of healthcare resources as well as the
access to diabetes care. Another major finding of this study
is the great impact of age on utilization and outcome among
diabetic patients with HG. Thus, this study indicates a recom-
mendation for decision makers to employ the Knowledge,
Attitude, Preventive Practice, and Outcomes (KAP-O) frame-
work to improve their health literacy, enhance their adher-
ence to medications, and be more encouraged to perform
regular prevention and screening visits [37-39].

The BM offers a framework for examining the impact of
different risk factors for HG utilization and outcome. Employ-
ing SEM to analyze the magnitude of effects of different fac-
tors provided a conceptual understanding of the
relationship between all the components of the BM. More-
over, the BM emphasizes the direct and indirect impact of dif-
ferent components on utilization and outcome. Thus, the use
of advanced statistical methodologies such as SEM was cru-

cial to examining these relationships and showing the differ-
ence between the direct and indirect impacts of each
component on utilization and outcome. In addition, each of
the components was conceptualized and examined sepa-
rately as a latent construct. This provided in-depth knowl-
edge regarding each of the different risk factors under each
component and the presence of any inter-relations among
them.

5.4. Limitations

While this study employed a powerful statistical approach
and provided affluent results about the interrelationship
among different HG risk factors and how they influence uti-
lization, the use of secodary data seems to be a major limi-
taion. Ufortunately, some relevant risk factors such as the
duration of DM [40,41], patient’s educational level, medica-
tions used especially the type of glucose-lowering medica-
tions [42-46] and antibiotics [47,48], previous history of HG,
and transfer to ICU [49,50] were not included in the database.
In addition, patients with multiple admissions because of HG
couldn’t be traced in the database. Also, patients who devel-
oped HG after admissions were not identified because of the
nature of the data.

5.5. Recommendations for future research

The use of SEM revealed the inter-relationship among differ-
ent risk factors and how they can impact the level of utiliza-
tion directly and indirectly. However, some key variables were
not examined in this study because they were not available in
the database. Therefore, we suggest that future studies be
designed in a prospective format, add those key variables,
and analyze results with SEM to explore the direct and indi-
rect impact of all different factors of utilization among hospi-
talized HG patients. Also, since this study was conducted in
the U.S., we recommend similar studies to be conducted in
other countries to examine similarities and differences in risk
factors among other nations. Last, the application of SEM on
the BM in this study revealed interesting results. Thus, we
recommend that future studies apply similar approach on
other common diseases such as hypertension and cancer.

5.6. Conclusions

This study examined the multilevel character of different fac-
tors leading to high utilization of healthcare services among
HG patients admitted to hospitals. The study found that high
CCI, DM complications, renal disease, and hypertension are
the primary factors that leads to longer stays in hospitals
and higher charges among those patients. Age has an indirect
impact on LoS and total charge. Geographical location of
patients has some impact on total charges and a very mini-
mal impact on LoS. With the increasing number of older peo-
ple with higher rates of diabetes, these findings help
clinicians and policy makers to formulate policies and proto-
cols that aid in providing efficient care to HG patients with
less utilization of resources.
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