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Purpose: The New User Design can be applied if the target drug has not been administered for a specified period. Therefore, 
comparisons between drugs administered alone are easier to undertake than comparisons of drugs used in combination. Thus, assessing 
concomitant medications may be associated with several challenges, including limitations to the New User Design. One such 
limitation is performing analyses that consider the history of administration of drugs of the same class. In the present study, we 
considered the limitations of the New User Design and proposed solutions based on the potential of the Prevalent New User Design.
Patients and Methods: Using the Japan Medical Data Center database (JMDC), patients diagnosed with diabetes mellitus who 
received sulfonylureas (SUs) between December 2009 and December 2010 with subsequent addition or switch to dipeptidyl peptidase- 
4 inhibitors (DPP4Is) were categorized into the SU+DPP4I group. The odds ratio (OR) was estimated using conditional logistic 
regression analysis. Using the “elapsed time” and “number of prescriptions” axes of the Prevalent New User Design, records from 
1,426 and 1,342 individuals, respectively, were analyzed.
Results: The hypoglycemia risk ORs were 1.50 (95% confidence interval [CI] 0.25–9.00) for the “elapsed time” axis and 1.67 (95% 
CI 0.40–7.00) for the “number of prescriptions” axis. These findings are consistent with the results of a meta-analysis of previous 
randomized controlled trials.
Conclusion: Our findings suggest that the Prevalent New User Design can be effectively applied for real-world risk assessment 
scenarios; this design constitutes a potential alternative design to the New User Design. We adopted a Prevalent New User Design 
considering the patients’ treatment history. However, there was a limitation in that we could not obtain information regarding the 
patients’ perceptions of treatment prior to initiating therapy.

Plain Language Summary: In the present study, we explored a method called the “Prevalent New User Design” to address 
challenges in comparing the safety of medications, particularly for patients already using certain drugs. We analyzed data from 
Japanese patients with diabetes who switched from sulfonylureas to dipeptidyl peptidase-4 inhibitors to assess their risk of 
hypoglycemia (low blood sugar). While considering factors such as treatment duration and prescription history, we found a slightly 
higher risk of hypoglycemia in this patient population, consistent with previous clinical trial findings. This approach helps researchers 
study real-world medication risks more effectively, offering an alternative to traditional methods. 

Keywords: propensity scores, claims data, observational study, pharmacoepidemiology

Introduction
Randomized controlled trials (RCTs) are conducted under special circumstances, as exemplified by the “Five Toos”1 and 
their results are limited in terms of generalizability. RCTs that focus on drug risk assessment are more difficult to conduct 
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from an ethical perspective compared with observational studies.2 However, several observational studies are pseudo- 
randomized and mimic RCTs; hence, improper analysis and interpretation of the results may cause bias.3

For a two-drug comparison in an observational study, the starting point of observation is often the point at which one 
drug is first administered. Therefore, it is important to distinguish between the “new user” (ie, a patient who has never 
received the same therapeutic class of drug) and the “prevalent user” (ie, a patient who has previously received such 
a drug). Current observational studies on the association between hormone replacement therapy (HRT) and coronary 
artery disease report that HRT reduces the risk of coronary artery disease,4,5 whereas RCTs show no effect.6,7 Therefore, 
Ray proposed a New User Design in which only new users were considered, as many patients in observational studies 
were former users for whom HRT had begun prior to commencing the observation period.8 This New User Design has 
become the gold standard in observational studies.

We considered the following three aspects as limitations of the New User Design. First, many patients are excluded 
from the New User extraction process.9,10 Particularly in the case of patients with chronic diseases, the number of 
patients already under treatment exceeds that of those newly diagnosed and starting treatment.11,12 Second, if only the 
target drug is administered, the patient is considered a new user,13–16 regardless of their potentially differing treatment 
before the initiation of the target drug and the background of each patient. Third, selecting a comparison group in which 
the target drug is not administered or a different drug is selected despite being from the same therapeutic class17,18 can 
lead to bias.

A prevalent user is a patient who switches from a previously administered drug to another medication within the same 
therapeutic context, typically for the management of the same disease. However, depending on the effect to be estimated, 
the switch is not necessarily limited to drugs with the same therapeutic purpose. The period between the start of the 
previously administered drug and the switch to the new drug is termed “immortal time” which may lead to immortal time 
bias (ITB).19 However, ITB can be resolved using the Prevalent New User Design proposed by Suissa et al.20

The distinction between the Prevalent New User Design and the New User Design, regarded as the gold standard in 
observational research, lies in their target populations. The New User Design focuses solely on new users, who are 
further categorized according to their treatment history as treatment-naive or non-naive. Thus, there is a concern about 
population heterogeneity even within the same group of new users. In addition, in chronic diseases, only a small 
proportion of patients are newly diagnosed and initiate pharmacological treatment, leading to sample size reduction 
issues in the New User Design. On the other hand, the Prevalent New User Design proposed by Suissa et al includes 
prevalent users as its target population and utilizes the time scales of elapsed time and the number of prescriptions.20 This 
design allows for the alignment of patients’ treatment backgrounds, resulting in a study population that reflects real 
clinical practice.

To manage the immortal time, it is necessary to select a control group that shares the same point of drug use using 
elapsed time and the number of prescriptions as the time scale. In addition, the Prevalent New User Design is expected to 
maintain the sample size when the prevalent user becomes the target patient. The same drug, ie, the drug administered 
before the target drug, is selected and matched so that the “immortal time” remains the same along with the drug class 
and administration period. Furthermore, as with the preceding drug, the same drug is selected as a control for 
comparisons with the prevalent user, ensuring background similarity between the prevalent user and the corresponding 
control patient. Therefore, this approach has the potential to address the limitations of a New User Design, such as 
“sample size reduction” “treatment of the prior active drug” and “drug selection” for the control group.

In case of events such as new drug launches or safety concerns, changes in first-line drug selection21,22 and 
prescription trends23 are reported individually. In this study, we addressed challenges related to epidemiological events 
and aspects that are considered limitations of a New User Design by utilizing the Prevalent New User Design. In 
particular, we focused on events arising from previous events related to the introduction of dipeptidyl peptidase-4 
inhibitors (DPP4Is) and safety advisory issues regarding the appropriate use of sulfonylureas (SUs) and incretin-related 
drugs.24,25 These events include changes in first-line drug preferences and the temporal effects of hypoglycemia risk as 
the measured outcome. Finally, we examined the utility of the Prevalent New User Design by assessing the detectability 
of the target risk, while considering the limitations of a New User Design and the impact of multiple epidemiological 
events.

https://doi.org/10.2147/POR.S517514                                                                                                                                                                                                                                                                                                                                                                                                                                              Pragmatic and Observational Research 2025:16 156

Koinuma and Akazawa                                                                                                                                                             

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



Material and Methods
Database
We used the Japan Medical Data Center (JMDC; JMDC Inc.) database, which contains data from April 2005 to 
March 2015 sourced from multiple health insurance associations, including monthly dispensing and medical prescription 
records. Previous studies conducted in Japan have similarly utilized the JMDC database.26,27

Patient data included sex, year of birth, date at which JMDC data collection began, receipt ID (a unique code assigned 
by the JMDC to each receipt), subscriber ID (a unique code assigned by the JMDC to each patient), and receipt type 
(hospitalization, Diagnosis Procedure Combination, outpatient, and dispensing). Facility information included facility ID 
(a unique 9-digit code assigned by the JMDC), number of beds, medical department, and physician information including 
physician ID (a distinctive code assigned by the JMDC to each physician) linked to the respective medical facility.

The medical diagnosis information derived from medical receipts included the International Statistical Classification 
of Diseases 10th revision (ICD-10) codes, standard disease names, and standard disease codes. The pharmaceutical 
information included drug names, Anatomical Therapeutic Chemical Classification (ATC) codes, and other related 
information. Medical procedure information acted as a medical procedure master, containing the classification of medical 
procedures, standardized procedure names, standardized procedure IDs, and other relevant information based on the 
healthcare reimbursement information service.

The collected claims data included unique patient and prescription IDs assigned to each member of the health 
insurance association and prescription, respectively. These IDs were assigned by the JMDC and linked together. The 
privacy and anonymity of individuals were ensured by preventing a direct linkage of these IDs with other personal 
information.28

Identifying Eligible Patients with Diabetes Mellitus
We extracted patient information from the JMDC database with a confirmed diagnosis of diabetes mellitus (DM) 
indicated by one of the following ICD-10 disease classification codes: E11 (Type 2 diabetes), E12 (diabetes related to 
malnutrition), or E14 (Unspecified diabetes). In addition, at least one prescription of antidiabetic drugs had to be 
indicated by ATC classification codes “A10H” “A10J” “A10N” “A10C” “A10S” “A10K” “A10L” “A10M” or 
“A10P” within 1 year before the month of the confirmed diagnosis. Subsequently, we identified patients who received 
SU prescriptions, including those for glyclopyramide, acetohexamide, chlorpropamide, gliclazide, glibenclamide, or 
glimepiride, denoted by the ATC classification code “A10H” between December 2009 and December 2010. These 
patients were classified as SU-treated patients. Additionally, we identified patients who, while receiving SU treatment, 
had an additional prescription or switched to a medication indicated by the ATC classification code “A10N” (ie, 
sitagliptin, vildagliptin, saxagliptin, alogliptin, linagliptin, trelagliptin, teneligliptin, and anagliptin). These patients 
were categorized as DPP4I-treated patients. Patients with DM treated with SUs and DPP4Is were considered the target 
population. The analysis period for extracting target patient information from the DM population was from 
December 2009 to December 2010. Based on the reports by Sato et al and Kohro et al,22,29 the analysis period was 
limited to control for temporal effects and to isolate and investigate a time when DPP4I medications were newly 
introduced and the risk of hypoglycemia was high.

Terminology
Patients exposed to medications were categorized as patients with DM. Among the patients who used SUs during the 
extraction period, those who switched to or also started taking DPP4Is were classified as SU+DPP4I users, while the 
remaining were classified as SU-only users. An outcome was defined as the incidence of hypoglycemia; specifically, the 
presence of hypoglycemia and the administration of glucagon, glucose, or a dextrose injection of ≥ 20%, as indicated by 
a medical claim within the same month during the 12-month observation period.30 Hypoglycemia was diagnosed using 
the ICD-10 disease classification code and a standardized disease name. The administration of glucagon, glucose, or 
a dextrose injection of ≥ 20% was identified using the ATC classification code (Table S1). The definition of censoring 
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was based on the completion of the 12-month observation period, the occurrence of the outcome, or the expiration of data 
acquisition – whichever condition was met first.

Selection of the Control Group Using the Prevalent New User Design
Two time frames were used to sample the population for analysis using the Prevalent New User Design method described 
by Suissa et al.20 This method requires a time-conditional propensity score (PS), which serves as a temporal measure that 
identifies a particular point in time. The predominant users in this study were SU+DPP4I users who switched from SUs 
to DPP4Is or started combination therapy. SU+DPP4I users were registered as patients when they received their first SU 
administration between December 2009 and December 2010. Conversely, SU-only users were registered based on their 
first SU administration during the same period and categorized as comparator users.

The time elapsed between the first SU administration and DPP4I administration for SU+DPP4I users (prevalent users) 
was shown using two time-axes of SU: “elapsed time” and “number of prescriptions.” The corresponding dataset was 
generated for each axis. Since the period from SU initiation to DPP4I addition constitutes an immortal time — during 
which the outcome cannot occur — we carefully identified and controlled for this period to avoid immortal time bias and 
enable an appropriate comparison between the groups. Specifically, this method controls for immortal time bias by 
ensuring that the control group has the same length of immortal time — defined as the period from SU initiation to 
DPP4I initiation — as the prevalent user group. Furthermore, it allows matching between patients with a history of SU 
use, enabling a more balanced and appropriate comparison between groups. In each dataset, PS was calculated using 
variables indicating treatment status, such as age, sex, medical history, and other medications, as covariates; time- 
conditional PS matching was performed at identical time points in each time axis to allow for ITB control (Figure 1).

Selection of Confounding Factors and Covariates for Calculating PS
The use of other antidiabetic drugs was defined as the administration of antidiabetic drugs within the month before the 
matching point, using the ATC classification codes (Table S2). Comorbidities were defined as specific disease names with 
confirmed diagnoses according to ICD-10 disease classification codes within the 3 months before the matching point, 
including diabetes-related complications, cancer, and mental and behavioral disorders31 (Table S1). The combination of 
human insulin preparations and insulin analogs was defined as “concomitant use” if there were ≥ 2 prescriptions given 
during the observation period since the start of drug exposure. To calculate the PS, the following variables were included 
as covariates at the matching point: age, sex, concomitant use of human insulin preparations and insulin analogs, use of 
biguanide preparations, use of other diabetes medications (excluding human insulin preparations, insulin analogs, and 
biguanide preparations), history of diabetes-related complications, history of cancer, and history of mental and behavioral 
disorders.

Figure 1 Datasets corresponding to each time point on the time axis were constructed by performing propensity score matching between patients receiving SU 
monotherapy and those receiving SU plus DPP4I combination therapy, ensuring that the duration from the first SU prescription to the matching time point was equivalent 
between the groups. The left panel illustrates the process of matching patients based on an identical elapsed time from the first SU prescription to the matching point. The 
right panel illustrates the process of matching patients based on an identical cumulative number of SU prescriptions up to the matching point. 
Abbreviations: SU, sulfonylurea; DPP4I, dipeptidyl peptidase-4 inhibitor.
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Background Characteristics Between Patients Extracted Using the New User Design 
for SUs and DPP4Is
To evaluate sample size reduction and patient background differences related to other diabetes medications as limitations 
of the New User Design, patients who received SUs and DPP4Is between December 2009 and December 2010 were 
selected using the New User Design. PS matching was performed in the month of the first administration of each drug, 
and the covariates used for PS calculation were identical to those in the Prevalent New User Design. The aim of this time 
frame selection was to minimize temporal effects.

Evaluation of the Effects of Prescription Duration Limitations Following the Launch of 
a New Medication
In Japan, newly released medications are subject to prescription duration limits for the first year after introduction.32 

Under this restriction, the frequency of visits increases but it is unclear how the use of the “elapsed time” and “number of 
prescriptions” axes in the Prevalent New User Design is affected by this restriction. We considered the possibility that the 
populations formed by the two time-axes would differ in the number of visits after matching. Therefore, we considered 
the number of examinations as the number of visits, recognizing the possibility of bias in some cases. We then assessed 
the impact of the prescription day limit on each time axis by examining the frequency of tests for SU-only and SU 
+DPP4I users after PS matching. The frequency of examinations was determined by counting the number of cases in 
which either hemoglobin A1c (HbA1c) or glucose levels were measured using standardized methods (Table S3).

Statistical Analysis
Statistical analyses were performed using SAS 9.4. PSs were calculated using logistic regression analysis, and 1:1 
matching of SU-only and SU+DPP4I users was performed according to the Prevalent New User Design. Matching was 
performed using a 1:1 nearest-neighbor approach, with a caliper of 0.2. Conditional logistic regression analysis was 
performed for each method to estimate the odds ratio (OR) of hypoglycemic risk in SU+DPP4I users compared to that in 
SU-only users. The data were stratified by the presence or absence of concomitant use of human insulin and similar 
analogs and matched using an appropriate ID. In addition, the balance of each variable after matching was assessed using 
standardized mean differences, and a value < 0.1 was considered to indicate a small imbalance.33 The Wilcoxon rank- 
sum test was used to assess the differences in continuous variables, while a paired t-test was used to assess the 
differences in paired variables. A two-sided significance level of 5% was considered statistically significant.

Ethical Considerations
This was an observational study in which the JMDC data were anonymized and de-identified to ensure the privacy and 
confidentiality of the patients’ personal information. The analyzed data were securely stored and processed on 
a specifically encrypted computer system to protect sensitive information. This study obtained the approval and ongoing 
supervision of the Meiji Pharmaceutical University Research Ethics Committee (Approval number: 202004).

Results
Patient Background
As shown in Figure 2, of the 185,328 individuals with DM diagnosed in the claims data from April 2005 to March 2015, 
183,769 had a confirmed diagnosis, of whom 69,306 had received at least one prescription of antidiabetic medication in 
the year preceding the month of confirmed DM diagnosis. Among these patients, 12,385 received SU prescriptions 
between December 2009 and December 2010 and were considered patients with DM, of which 1,588 individuals were 
identified as SU+DPP4I users because they also started taking, or switched to, DPP4Is during SU treatment. The 
remaining 10,797 patients constituted the SU-only user group. The study population in the Prevalent New User 
Design comprised 1,426 individuals for the “elapsed time” axis and 1,342 individuals for the “number of prescriptions” 
axis. Matching on both time axes significantly reduced differences in patient backgrounds (Table 1).
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Occurrence of Hypoglycemia
The incidence rates of hypoglycemia in SU-only and SU+DPP4I users were 0.21% and 0.42%, respectively, on the 
“elapsed time” axis. Similarly, on the “number of prescriptions” axis, the incidence rates were 0.30% for SU-only and 
0.60% for SU+DPP4I users. The OR for the risk of hypoglycemia in SU+DPP4I users compared with that for SU-only 

Figure 2 Selection of patients with DM and the final population analyzed in this study. 
Abbreviations: SU, sulfonylurea; DM, diabetes mellitus; DPP4I, dipeptidyl peptidase-4 inhibitor.

Table 1 Standardization of Background Variability Following PS Matching

Matching point Standardized mean difference in each matching point by “elapsed time” axis

0 months 1 month 2 months 3 months 4 months 5 months 6 months 8 months 10 months 11 months

Demographic characteristics

Age 0.01 0.00 0.02 0.06 0.02 0.01 0.01 0.00 0.04 0.01

Sex 0.03 0.04 0.03 0.00 0.02 0.03 0.04 0.00 0.10 0.00

Clinical characteristics

Biguanide preparations 0.01 0.03 0.01 0.00 0.00 0.02 0.06 0.00 0.03 0.03

Human insulin preparationsa 0.04 0.00 0.06 0.00 0.03 0.03 0.04 0.00 0.05 0.00

Other oral antidiabetic drugsb 0.01 0.03 0.01 0.00 0.02 0.00 0.04 0.00 0.05 0.03

Mental and behavioral disorders 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Cancers 0.09 0.05 0.00 0.00 0.00 0.00 0.11 0.00 0.00 0.00

Diabetes-related complications 0.02 0.00 0.06 0.04 0.00 0.04 0.00 0.00 0.14 0.09

(Continued)

https://doi.org/10.2147/POR.S517514                                                                                                                                                                                                                                                                                                                                                                                                                                              Pragmatic and Observational Research 2025:16 160

Koinuma and Akazawa                                                                                                                                                             

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



users was 1.50 (95% CI 0.25–9.00) on the “elapsed time” axis and 1.67 (95% CI 0.40–7.00) on the “number of 
prescriptions” axis (Table 2). Figure 3 shows the patient selection process, construction of datasets through PS matching, 
and proportions and estimated OR of hypoglycemia in each dataset.

Comparison of Background Characteristics Between SU- and DPP4I-Using Patients 
Extracted by the New User Design
With the New User Design, 5,788 new users were extracted from 10,797 patients receiving SUs, indicating a significant 
reduction in the number of new users identified. PS matching assigned 1,588 new users to each group. However, the 

Table 1 (Continued). 

Matching point Standardized mean difference in each matching point by “number of prescriptions” axis

1st 2nd 3rd 4th 5th 6th 7th 9th 11th

Demographic characteristics

Age 0.01 0.03 0.07 0.11 0.05 0.03 0.02 0.03 0.00

Sex 0.03 0.07 0.11 0.07 0.05 0.02 0.04 0.00 0.03

Clinical characteristics

Biguanide preparations 0.01 0.02 0.13 0.25 0.03 0.03 0.00 0.08 0.10

Human insulin preparationsa 0.04 0.10 0.00 0.09 0.00 0.04 0.09 0.00 0.13

Other oral antidiabetic drugsb 0.01 0.11 0.01 0.22 0.02 0.05 0.05 0.06 0.18

Mental and behavioral disorders 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Cancers 0.09 0.05 0.00 0.07 0.00 0.00 0.00 0.00 0.00

Diabetes-related complications 0.02 0.07 0.11 0.13 0.11 0.07 0.00 0.20 0.15

Notes: aIncluding similar analogs; bExcluding biguanide preparations.

Table 2 Incidence Number, Incidence Proportion, Odds Ratio, and 95% Confidence Interval of Hypoglycemia for SU-Only Users and 
SU+DPP4I Users Using Each Timeframe

Matched on Elapsed Time Since First SU 
Prescriptiona

Matched on Cumulative Number of SU 
Prescriptionsa

N = 2852 N = 2684

SU-Only Users SU+DPP4I Users SU-Only Users SU+DPP4I Users

Occurrence of hypoglycemia

Total number (N) 1426 1426 1342 1342

Number (n) 3 6 4 8

Incidence proportion (%) 0.21% 0.42% 0.30% 0.60%

OR

Point estimation 1.50 1.67

95% CI 0.25–9.00 0.40–7.00

Notes: aTime axis using the Prevalent New User Design. 
Abbreviations: SU, sulfonylurea; DPP4I, dipeptidyl peptidase-4 inhibitor.
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status of diabetes medications other than SUs or DPP4Is before the month of the first administration differed significantly 
for each patient (Table 3).

Frequency of Examinations Following PS Matching
The average frequency of examinations after PS matching for SU-only and SU+DPP4I users was 0.54 ± 0.30 and 0.65 ± 
0.30 visits, respectively, on the “elapsed time” axis, and 0.52 ± 0.28 and 0.64 ± 0.29, respectively, on the “number of 
prescriptions.” On both time axes, the frequency of examinations was significantly higher among the SU+DPP4I than the 
SU-only users (Table 4).

Figure 3 Patient selection process, dataset creation through propensity score matching, and estimated incidence of hypoglycemia and odds ratio derived from each dataset. 
Abbreviations: SU, sulfonylurea; DM, diabetes mellitus; DPP4I, dipeptidyl peptidase-4 inhibitor; OR, odds ratio; CI, confidence interval.

Table 3 Background of Patients Extracted by the New User Design

SU-only Users SU+DPP4I Users p-value

Number 5788 1588 –

History of Diabetes medication Excluding SUs or DPP4Is

Metformin 1709 (29.5%) 784 (49.4%) < 0.01

Human insulin preparationsa 449 (7.8%) 140 (8.8%) 0.17

Glinide 311 (5.4%) 177 (11.1%) < 0.01

Alpha glucosidase inhibitor 1995 (34.5%) 718 (45.2%) < 0.01

Thiazolidinedione 1706 (29.5%) 756 (47.6%) < 0.01

Glucagon-like peptide-1 agonist 17 (0.3%) 1 (0.1%) 0.15

Sodium-glucose co-transporter-2 inhibitor ND ND -

Notes: aIncluding similar analogs. 
Abbreviations: SU, sulfonylurea; DPP4I, dipeptidyl peptidase-4 inhibitor; ND, no data.
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Discussion
We conducted a risk assessment using the Prevalent New User Design, focusing on the change in the first-line drug 
selection because of the introduction of new drugs and the temporal change in hypoglycemia risk following the related 
safety advisory. The results showed a non-significant increase in hypoglycemia risk associated with the addition of, or 
switch to, DPP4Is in patients receiving SUs. The results of a meta-analysis of previous RCTs showed a significant 
increase in the risk of hypoglycemia when adding, or switching to, DPP4Is;34 Additionally, the estimates of increased 
risk were consistent. Therefore, our results highlight the usefulness of the Prevalent New User Design. In addition, the 
“number of prescriptions axis” method could have a greater impact on the limitation of the number of prescription days 
for newly introduced medications.

This study used data obtained between December 2005 and March 2015, which may be considered relatively old. 
However, this was a conscious decision as there was a specific need to include data from the period between 
December 2009 to December 2010 in the study. The reasons for this and what was considered feasible were as follows. 
First, the introduction of DPP4Is led to changes in first-line treatment options, potentially resulting in differences in the 
patient population that were using SUs immediately after DPP4Is’ release (December 2009) as compared to more recent 
times.21 Second, a higher risk of severe hypoglycemia associated with the concomitant use of SUs was observed, 
particularly in the first year after the release of DPP4Is (from December 2009 to December 2010).22 Therefore, it was 
considered feasible to conduct this study using retrospective prescription data from April 2005 to March 2015, including 
the period from December 2009 to December 2010.

The incidence of the outcome in this study was rare, at 0.4–0.6%. Accordingly, a post hoc power calculation was 
performed, which indicated that approximately 20,000 patients per group would be necessary to detect an OR of 1.5 with 
80% power at a two-sided alpha level of 0.05. As the actual sample size was smaller than this, the potential for 
insufficient statistical power should be acknowledged when interpreting the findings. However, notably, power calcula
tions are not typically required for observational studies.35 This study was conducted in accordance with this principle, 
while also taking into account prior reports and performing analyses with appropriate methodological considerations.

The introduction of a new type of drug, DPP4Is, in December 2009 suggested a shift in first-line treatment of type 2 
DM (T2DM) in Japan, transitioning from SUs to DPP4Is.21,22 Furthermore, the impact of safety advisories on prescrip
tion trends has been reported.23 In April 2010, the Japan Diabetes Society issued a safety advisory for the appropriate use 
of SUs and incretin-related drugs, which led to changes in the package insert in the same month.24,25 Consequently, 
a significant decrease in SU dosage both before and after the recommendation occurred.21,22 In addition, Kohro et al21 

and Sato et al29 reported adverse events of hypoglycemia that peaked between December 2009 and November 2010 and 
then stabilized with a decrease in frequency of occurrence. Therefore, to address events that occurred between the 
administration of SUs and DPP4Is and compare their hypoglycemia risk using the new user design, the following two 
aspects that might have affected hypoglycemia risk over time after publication of the safety alert were considered: First, 
the population of new users could differ before and after DPP4I introduction due to changes in first-line drug treatment, 
which could lead to selection bias. Second, when selecting patients treated with DPP4Is, those with previous SU use who 
may have switched to DPP4Is might not have been accounted for, leading to ITB.19 To overcome the selection bias, we 

Table 4 Frequency of Examinations During the Observation Period in Each Analytical Population

Matched on Elapsed Time Since 
First SU Prescriptiona  

N = 2852

p-value Matched on Cumulative Number 
of SU Prescriptionsa  

N = 2684

p-value

SU-Only 
Users

SU+DPP4I 
Users

SU-only 
Users

SU+DPP4I 
Users

n = 1426 n = 1426 n = 1342 n = 1342

Frequency of examinations (frequency/observation period) 0.54 ± 0.30 0.65 ± 0.30 < 0.01 0.52 ± 0.28 0.64 ± 0.29 < 0.01

Notes: aTime axis using the Prevalent New User Design. 
Abbreviations: SU, sulfonylurea; DPP4I, dipeptidyl peptidase-4 inhibitor.
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limited the timing of administration to after the launch of a new drug; ITB can be resolved using the Prevalent New User 
Design proposed by Suissa et al.20 To account for the temporal changes in the hypoglycemia risk associated with the 
issuance of the safety advisory, we focused on the period from December 2009 to December 2010, when the risk of 
hypoglycemia was estimated to be the highest, and used it as the target period for patient sampling. By limiting the 
patient sampling period, we aimed to suppress temporal changes in determining the risk of hypoglycemia. Furthermore, 
selection bias for new users in the same period could be controlled by limiting the patient selection period from 
December 2009 to December 2010. The New User Design excludes many patients from the extraction process.9,10

Previous studies reported that most patients were prevalent users with a history of drug administration from the same 
therapeutic class for the treatment of chronic diseases, while treatment-naïve patients were few.11,12 Therefore, the 
authors considered the reduction of sample size as one of the limitations of the New User Design and conducted 
a comparison with the Prevalent New User Design. Using the New User Design, 5,788 new users were extracted from 
a population of 10,797 patients receiving SUs, indicating a significant reduction in the number of new users identified. PS 
matching resulted in 1,588 new users for each group. The sample reduction during the extraction of new users of SUs 
was as expected; however, the final sample size was larger with the New User Design for patient extraction. This may be 
because the Prevalent New User Design performs PS matching at multiple points in time, resulting in fewer candidates at 
each time point. Conversely, the New User Design matched at a single time point: during first administration, when the 
candidate pool was the largest. This increases the number of suitable patients. However, the New User Design is not 
suitable for assessing the risk of taking both medications at the same time. In this study, the use of the Prevalent New 
User Design enabled the inclusion of prevalent users with a history of SU administration, who would have been excluded 
by the New User Design. We also considered the variability of drugs administered to the exposed and comparison groups 
as a limitation of the New User Design. The pre-index medication status of DM drugs for the SU or DPP4I treatment 
groups extracted using the New User Design was significantly different. Furthermore, because the new users of SUs in 
the present study had received SUs after the launch of DPP4Is, we cannot rule out the possibility of a population unable 
to receive first-line DPP4I treatment. In contrast, the prevalent users in this study started DPP4Is after SUs; therefore, the 
treatment history up to the initiation of DPP4Is reflects patients previously treated with SUs. The handling of drugs 
belonging to the same therapeutic class is not an issue with the Prevalent New User Design.13–16 Furthermore, since only 
patients treated with SU were included in the comparison group, other antidiabetic medications not involving SU were 
not included. Therefore, differences in patient characteristics because of drug choice from SU initiation to the matching 
point (for example, comparing metformin users with SU+DPP4I users) were not introduced in the Prevalent New User 
Design.17,18 Although the sample size was not per the authors’ expectations, the Prevalent New User Design was 
considered to address the limitations of the New User Design in terms of adjusting for patient background, which is 
important for comparative validity. Although the New User Design remains the gold standard for observational studies, 
we suggest the Prevalent New User Design as an alternative. In addition, the use of the Prevalent New User Design 
allowed for risk estimation that considered ITB, a factor that may impact the outcome36 and lead to inconsistencies 
between interventional and observational study results.37

In this study, the Prevalent New User Design was used as an effective method to control for ITB. However, in studies 
where exposure status changes over time or treatment switching occurs during follow-up, alternative methods such as the 
clone censoring weights approach have been proposed.38 In this method, artificial clones of each patient are created at 
baseline and censored when they deviate from their assigned exposure regimen, with appropriate weighting to account 
for informative censoring. This method can simultaneously address ITB, time-varying confounding, and selection bias 
due to censoring. On the other hand, in this study, the exposure status was fixed at the index date, and no subsequent 
treatment changes were considered. Therefore, we judged that the Prevalent New User Design alone was sufficient to 
appropriately control for ITB and evaluate the study outcomes. For studies involving changes in exposure or treatment 
switching, considering the clone censoring weights approach may allow for more comprehensive bias adjustment.

In Japan, there is a restriction on the number of prescription days imposed for the first year after the launch of a new 
drug.32 Given that the frequency of post-PS matching visits was different for each time axis under this prescription day 
restriction, the potential for measurement bias remained as SU+DPP4I users were scheduled for a visit every 14 days, 
making it easier to detect hypoglycemic events. The same measurement bias was also considered for the “elapsed time” 
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axis. However, the possibility of selection bias was considered until PS matching. The frequency of DPP4I prescriptions, 
which require visits every 14 days, is generally low for patients with stable symptoms who visit the clinic every few 
months. Therefore, this study may have introduced a selection bias since patients who are stable on SUs are less likely to 
be selected as SU+DPP4I users. When PS matching is performed on the “number of prescriptions” axis, SU+DPP4I users 
are matched to patients with short-term prescriptions, while SU-only users are matched to patients with long-term 
prescriptions. Therefore, the “number of prescriptions” axis may be more sensitive to the limitation of the number of 
days of prescriptions for new drugs, which is a problem unique to Japan. The reason why hypoglycemia risk ORs were 
1.50 (95% CI 0.25–9.00) on the “elapsed time” axis and 1.67 (95% CI 0.40–7.00) on the “number of prescriptions” axis 
can be explained by the effect of the prescription day restriction. Therefore, when using the Prevalent New User Design 
under prescription day limitations, it is important to select the time axis according to the actual prescription status of each 
drug.

In the present study, we evaluated the risk using a Prevalent New User Design for the epidemiological events between 
two drugs in the treatment of DM in the past and proposed its potential to detect the risk to be measured. In addition, the 
Prevalent New User Design can provide a potential solution to the abovementioned epidemiological problems and can be 
easily applied to situations such as the introduction of drug combinations for chronic diseases. In other words, the 
Prevalent New User Design can be effectively used for risk assessment in situations that commonly occur in clinical 
practice. Our results also suggest that the two time axes used in the Prevalent New User Design are affected by selection 
and measurement bias under the prescription-day limitation of new drugs unique to Japan. However, time-varying 
confounding factors should be addressed when using a Prevalent New User Design. We intend to conduct further 
research adopting a developmental perspective that considers measures to deal with measurement and selection biases, as 
well as measures to manage time-varying confounders.

This study has certain limitations. First, we did not consider the immortal time before November 2009. Second, the 
number of outcome occurrences for each method using the Prevalent New User Design was extremely small compared to 
previous studies,39–48 which could be due to the limitations of each method and variations in outcome definitions. In 
a large-scale survey of 9,956 Japanese patients with T2DM, the average patient age (mean ± standard deviation) was 65 ± 
12 years, the proportion of female patients was 37.8%, and the prevalence of complications such as diabetic nephropathy, 
retinopathy, or peripheral neuropathy was 54.3%. In addition, 18.6% of the patients reportedly received human insulin or 
insulin analogs.49 Third, given the possible differences in patient characteristics, caution is warranted in generalizing our 
results. Fourth, regarding medication prescription patterns after PS matching, among SU+DPP4I users, switching from 
SUs to DPP4Is or the simultaneous use of SUs and DPP4Is was feasible. Therefore, it is important to consider the 
epidemiological background following the initiation of drug exposure, even among the same group of prevalent users.50 

However, the limited number of outcome events made it difficult to conduct analyses that accounted for the change or 
simultaneous continuation of predominant consumer types. In addition, an intention-to-treat approach was used in the 
analysis: SU users who switched to DPP4Is or initiated concomitant use during the observation period were included. 
Fifth, using the time axis in the Prevalent New User Design under prescription duration limits specific to new 
medications was susceptible to selection and detection biases. Selection bias refers to the likelihood that individuals 
who were stable on SU medications were less likely to be chosen for DPP4I administration, whereas detection bias arose 
because of the different examination frequencies between SU-only and SU+DPP4I users after PS matching. Finally, in 
the Prevalent New User Design, which assumes the presence of treatment at multiple time points, it was necessary to take 
time-varying confounding factors into account; failure to do so might have introduced bias to the estimation of treatment 
effects. However, because time-varying confounders lie as intermediate factors between the treatment and outcome 
variables, adjusting for them might have also introduced bias in estimating treatment effects. Additionally, we adopted 
a Prevalent New User Design considering the patients’ previous treatment history. However, there was a limitation in that 
we could not obtain information regarding the patients’ perceptions of treatment before initiating therapy.

In a previous study by Hernán et al, cluster of differentiation 4 test data was a time-varying confounding factor.51 In the 
present study, time-varying confounders included laboratory test data such as HbA1c and blood glucose levels. The Marginal 
Structural Model, which models the distribution of counterfactual variables, has been proposed as a causal approach to estimating 
the effects of repeated treatments in the presence of time-varying confounders.52 One way to address time-varying confounders is 
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to implement the inverse probability of a treatment-weighted method.51,53–55 The Prevalent New User Design is used to avoid 
ITB; subsequently, MSM can be applied to adjust for time-varying confounders and treatment switching during follow-up. The 
sequential application of these two methods is believed to yield more accurate estimates that are closer to the true effect.

Conclusion
Our study suggests that the Prevalent New User Design, as opposed to an RCT-like setting, can be an effective 
application for risk assessment in real-world situations and may offer an alternative to New User Design when there 
is a change or novel development in the treatment of chronic diseases. In addition, given the limitation of the number of 
days of prescription for new drugs, our results suggest that it is important to select a timeline according to the actual 
prescription scenario.
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