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o . ABSTRACT

¢ Objectives: The categorical data analysis is very important in statistics and medical sciences.
Article info: - When the binary response variable is misclassified, the results of fitting the model will be biased in

Received: 14 Sep 2018 estimating adjusted odds ratios.

Accepted: 05 Jan 2019 :  The present study aimed to use a method to detect and correct misclassification error in the response
Available Online: 01 Mar 2019 - variable of Type 2 Diabetes Mellitus (T2DM), applying binary logistic regression.

Methods: Data from the Diabetes Screening test in the Health Center of Zahedan City, Iran,
were explored. It included 819 Iranian adults with a binary response variable (T2DM). By a new
method, the misclassification parameters and the estimated parameters in logistic regression were
validated. Statistical analysis was performed using SAS, and P<0.05 were considered as statistically
significant. Results are presented as Odds Ratio (OR) and 95% Confidence Interval (CI).

Results: Increased age (OR=1.04, 95% CI=1.02-1.06), hypertension (OR=3.06, 95% CI=1.80-

Keywords: 5.21), and obesity (OR=1.99, 95% CI=1.26-3.15), all elevated the odds of T2DM.

Logistic regression, Diabetic, . Discussion: The method provided adjusting for bias due to misclassification in logigtic regression,
Odds ratio * and using it is recommended.

Highlights

e We proposed a model implemented within a logistic framework to analyze binary data subject to misclassification.

e Using our approach, we achieved a significant reduction in bias.

Plain Language Summary

A logistic model was used to explain the relationship between one dependent binary variable and one or more inde-
pendent variables. Errors in misclassification of data tend to bias the inference. Using this method, we found that age,
hypertension, and obesity are associated with type 2 diabetes mellitus. Our results show that obesity and a sedentary
lifestyle can increase the risk of type 2 diabetes.
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1. Introduction

utcome misclassification is prevalent in
epidemiology and has important impacts
on parameter estimates and statistical in-
ference. The issue of misclassification in
2x2 tables has first been considered by
Bross [1-4] and a review study was con-
ducted by Chen on this subject [5].

0

Neuhaus analyzed the bias size of misclassification error
correction in the response variable and reported except for
when the sensitivity and specificity are both large, ignoring
the misclassification correction leads to a biased estimate of
the effect of exposures [6]. Researchers often use logistic
regression to estimate the effect of exposures on the binary
response variable. Tang et al. used logistic regression to cor-
rect misclassification in estimating the coefficients and the
maximum likelihood estimation [7].

Davidov et al. used logistic regression to correct the co-
efficients of the models with misclassification error [8].
In medicine and epidemiology, the classification issue is
of particular importance with respect to the stage of the
disease or the condition of exposure to the risk factor. In
these studies, after classifying the subjects, based on the
status of exposure and infection, the data are classified
to create some statistical indicators (e.g. odds ratio and
relative risk) for measuring the relationship between the
predictor variables and the response variable [9].

This cross-sectional study with a misclassified binary
outcome used a method proposed by Lyles et al. [10]. We
applied the maximum likelihood method to identify and
correct misclassification in binary variables [6].

2. Methods

Data from the Diabetes Screening test in the Health
Center of Zahedan City, Iran, were investigated in this
cross-sectional study. It included 819 Iranian adults with
the binary response variable of Type 2 Diabetes Melli-
tus (T2DM). The main purpose of the analysis was to
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model the association between T2DM and hypertension,
obesity, and age. However, in practice, T2DM may be
diagnosed by error-prone test and the misclassification in
diagnoses compromises the adjusted OR estimation and
statistical inference.

Using a method proposed by Lyles et al. [10], we exam-
ined the relationship between age, hypertension, obesity,
and T2DM in 819 Iranian adults. Statistical analysis was
performed using SAS and P<0.05 were considered as statis-
tically significant. T2DM was defined as a binary outcome
variable. Age: Information about the respondent’s age was
obtained based on their self-reported birth year and was
considered as a continuous covariate. Hypertension: The
study participants were diagnosed with hypertension if their
systolic blood pressure was >140 mmHg, or if their dia-
stolic blood pressure was >90 mmHg. Obesity: Individuals
with a Body Mass Index (BMI) >30 kg/m? were considered
obese and <30 kg/m? as non-obese.

3. Results

The Mean+SD age of subjects was 47.65+12.23 years.
Of participants, 462(56%) were men and 190(23.2%)
were obese. Among participants, 15.8% and 15.5%
were diabetic and had high hypertension, respectively.
Logistic regression model was used in the new model.
The regression coefficients and odds ratios are presented
in Table 1. The odds ratio of people with hypertension
equaled to 3.06 (95% CI=1.80-5.21), compared with
those without hypertension. The estimated OR for age is
1.04 (95% CI=1.02-1.06).This means that increased age
enhances the odds of T2DM occurrence. The estimated
OR for obese people is 1.992 (95% CI=1.260-3.149),
compared with non-obese ones.

4. Discussion

Specific motivation for these developments is provided by
cross-sectional data on the assessments of T2DM and hy-
pertension status and covariates measured in the Diabetes
Screening test. We specified likelihood functions correspond-
ing to main/internal validation study designs to solve the prob-

Table 1. Logistic regression results for T2DM among 819 people misclassification

Variable Coefficient (o]:3 95% CI** for OR
Hypertension (yes) 1.120 3.064 1.802 5.213
Age,y 0.038 1.039 1.021 1.057
Obesity 0.689 1.992 1.260 3.149

“Odds Ratio; ™ Confidence Interval
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lem of outcome misclassification in logistic regression [11,
12]. Thus, we incorporated validation data and covariates into
misclassification models. Although validation data based on
maximum likelihood methods are outlined in the comprehen-
sive text of Carroll et al. [13], a study generalized the logistic
regression-based approach [7] which only outcome misclas-
sification was addressed. It also makes AIC calculations avail-
able and the AIC indicator was used to select the appropriate
model [14]. Consistent with some studies, our results revealed
a positive association between age and T2DM.

Age is generally a critical factor of developing diabetes
[15, 16]. In line with some studies, we also found that
T2DM was almost 3 times as likely to develop in sub-
jects with hypertension as in subjects with normal blood
pressure. Other concerning factors may exist; e.g. reduc-
ing blood pressure decreases albuminuria in T2DM. In
a randomized controlled trial, the management of blood
pressure was considered a high priority in the treatment
of T2DM [17]. Consistent with some studies, our results
supported that obesity plays a major role in T2DM [15].
Increasing physical activity and improving nutritional
diet can reduce obesity and T2DM.

We failed to establish a causal association between fac-
tors and T2DM, or specify the direction of such associa-
tion. Although we adjusted our analyses for confound-
ers, our model has not included other factors associated
with T2DM, such as longer diabetes duration, family
history, and ethnicity.

5. Conclusion

The method provided adjusting for biases due to mis-
classification in binary response in logistic regression,
and using it is recommended. Logistic regression meth-
ods with misclassified data are appropriate choices to
estimate the correct odds ratio in potential misclassified
response variable. Using logistic regression for misclas-
sified data validation suggested that blood pressure has
a significant effect on diabetes. It is suggested that the
logistic regression method be used to correct the odds
ratio in terms of the probability of misclassification error
in the screening data.
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