2
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Critiquing Sources of Error in Population Research to Address Gaps in Nursing Practice
Type 2 diabetes or diabetes mellitus is a major global health issue in the aging population, especially in developing countries, due to rapid economic and dramatic changes in lifestyles. Epidemiological surveys on the prevalence of diabetes reveal that individuals aged 65 years and above have a higher risk of diabetes, and the incidence rate continues to increase (Lovic et al., 2020). There is a need to evaluate epidemiological aspects and risk factors related to diabetes and implement selective strategies and management for target populations. 
Systematic errors or biases may be categorized as confounding due to lack of randomization, selection bias associated with procedures used to select the study population and information linked to measurement error (Gokhale et al., 2020). Confounding distorts the relationship between treatment and outcomes when groups differ on variables influencing outcomes. For instance, comparing patients prescribed oral glucose-lowering agents versus insulin may lead to confounding by indication due to an imbalance of indication related to diabetes severity. Selection bias may occur in a selected population due to a lack of representation of the target population associated with selective survival rate, differential losses on follow-up, non-response or settings (Gokhale et al., 2020). Information bias may occur due to inaccurate measurement or misclassification of treatments, outcomes, missing data, or confounders.
Some methods of minimizing bias by study design and analysis involve employing active comparator new-user design describing the burden of illness, initiator of drugs and providing an intuitive timeline to commence follow-up, reducing generalizability and precision focused on high internal validity (Gokhale et al., 2020). Precision is achieved by carefully weighing against mixed research questions, randomization to compare drugs, and analogy to the ‘intent-to-treat’ analyses in randomized controlled trials (RCTs). More so, using propensity scores helps control measured confounding by estimating the probability of treatment A against treatment B depending on patients' baseline characteristics (Harding et al., 2024). Upon estimation, the propensity score is implemented by matching, weighting and stratifying the scores, allowing empirical demonstration of covariate balance before and after implementation. 
If these biases are not minimized, they can lead to inconsistent results from studies and discrepancies in estimating prevalent users in the same data, threatening the validity of studies. More so, EHR data is prone to multiple sources of bias, including misclassification, participant selection, unequal surveillance, and confounding, leading to false inflation of estimates that might limit results (Harding et al., 2024). As such, it is imperative to conduct sensitivity analyses to understand potential biases better and carefully weigh sources of bias and anticipated consequences. 
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