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Aims: To perform active safety monitoring of newer glucose-lowering therapies.

Methods: Using Danish nationwide registries, we conducted an active comparator new user cohort study
comparing adverse events among initiators of sodium-glucose co-transporter 2 inhibitors (SGLT2is), glucagon-
like peptide 1 receptor agonists (GLP1-RAs), and dipeptidyl peptidase 4 inhibitors (DPP4is).

Results: We identified 49 365 SGLT2i, 33 018 GLP1-RA, and 50 531 DPP4i initiators. Of 43 associations iden-
tified, we disregarded obesity-related signals (N = 2) and observed beneficial effects (N = 7). SGLT2i initiators
had higher risks of phimosis (vs. GLP1-RA: hazard ratio [HR] 1.69, 95% compatibility intervals [CI] 1.42-2.02;
vs. DPP4i: HR 2.19, 95% CI 1.84-2.59) and secondary polycythaemia (vs. GLP1-RA: HR 2.67, 95% CI 1.62-4.38;
vs. DPP4i: HR 1.63, 95% CI 1.14-2.32). DPP4i initiators had increased risk of bacterial intestinal infections (vs.
SGLT2i: HR 1.56, 95% CI 1.18-2.08; vs. GLP1-RA: HR 2.08, 95% CI 1.49-2.94) and anaemia (vs. SGLT2i: HR
2.00, 95% CI 1.22-3.23; vs. GLP1-RA: HR 1.92, 95% CI 1.18-3.23). GLP1-RA initiators had a near-immediate
elevated risk of uterine cancer (vs. SGLT2i: HR 1.82, 95% CI 1.20-2.78; vs. DPP4i: HR 1.94, 95% CI 1.19-3.16).
Conclusion: While some signals likely reflect residual confounding, several signals — particularly those related to
infections and cancer — warrant further investigation.

surveillance of new drug treatments is the active monitoring of adverse
event frequencies using healthcare databases such as national registries

1. Introduction

Sodium-glucose co-transporter 2 inhibitors (SGLT2is) and glucagon-
like peptide 1 receptor agonists (GLP1-RAs) are widely used glucose-
lowering drugs with an increasing number of indications beyond dia-
betes, such as heart failure [1] and obesity [2]. Both medications have
seen a steep increase in the number of users since their approval [3-5],
which in turn has led to rare adverse events being observed more
frequently. Rare adverse events are unlikely to be detected in pre-
marketing trials, as such trials are typically powered to assess efficacy
rather than safety. Therefore, we rely on spontaneous reporting of
adverse events to detect previously unknown adverse drug reactions.
However, only a small proportion of suspected adverse reactions are
reported [6,7], delaying detection and subsequent regulatory response.
An alternative yet underutilized approach to post-marketing safety

or claims data [8]. To assess whether a drug increases adverse events, a
reference population is needed; however, drug users often have different
comorbidities and baseline risks than the general population. In the case
of second-line glucose-lowering drugs, there has been relative clinical
equipoise among three groups of drugs — SGLT2is, GLP1-RAs, and
dipeptidyl peptidase 4 inhibitors (DPP4is) [9] — making each a suitable
comparator for the others and reducing much of the confounding that
often plagues observational studies. We therefore aimed to perform
active drug safety monitoring using healthcare databases with an active
comparator new user cohort design to identify potential adverse events
of SGLT2is, GLP1-RAs, or DPP4is.
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2. Methods

Using the Danish nationwide health registries, we conducted an
active comparator new user cohort study comparing the occurrence of
adverse outcomes among initiators of SGLT2is, GLP1-RAs, and DPP4is.
Outcomes of interest included 1426 different inpatient diagnoses. Due to
the active comparator design, beneficial effects were also observed;
however, this study focused specifically on adverse effects. For each
outcome and comparison (SGLT2i vs. GLP1-RA, SGLT2i vs. DPP4i,
GLP1-RA vs. DPP4i), we estimated high-dimensional propensity scores
and obtained propensity score-weighted five-year hazard ratios (HR).

2.1. Study transparency and reproducibility [10]

A study protocol was registered at the Real-World Evidence Registry
before the commencement of any analyses. This protocol is available at
https://osf.io/q6tpe, with amendments available at https://osf.io/qnrh
e. An expanded description of the methods applied, as well as codes and
definitions used, can be found through these links. Due to Danish data
protection regulations, individual-level data cannot be shared directly
by the authors. De-identified data can be made available for authorized
researchers after an application to ForskerService at the Danish Health
Data Authority. The source code used to perform data management and
statistical analyses is made available at https://gitlab.sdu.dk/Icl
und/acnu-screening/.

2.2. Study population

We identified all initiators of SGLT2is, GLP1-RAs, and DPP4is during
the period January 1, 2013, and June 30, 2023, and further restricted
the population to those who had redeemed a prescription for metformin
during the year prior to initiation of the study medication of interest.
This approach, combined with restricting the population to individuals
over the age of 40 at initiation, was used to approximate a population
with type 2 diabetes mellitus and reduce the inclusion of individuals
with type 1 diabetes or other indications. We excluded individuals who
were not residents of Denmark for at least one year before drug initiation
or who initiated two or more of the study medications on the same date
(including combination products).

2.3. Data sources

We obtained information on prescription fills from the Danish Na-
tional Prescription Registry [11], in- and outpatient hospital diagnoses
and procedures from the Danish National Patient Registry [12], and
demographics and residency from the Civil Registration System [13].

2.4. Exposure

The exposure of interest was initiation of the drug groups SGLT2is,
GLP1-RAs, or DPP4is, defined as the first prescription fill for any of the
three drugs in the Danish Prescription Registry, with coding details
available in the registered protocol.

2.5. Outcome

Outcomes of interest included all International Classification of
Diseases, 10th revision (ICD-10) codes at the second level (i.e., three-
character codes), excluding the chapters related to pregnancy, the
perinatal period, congenital malformations, accidents and external
causes of morbidity and mortality, and health care services.

2.6. Follow-up and time zero

Follow-up began on the day of study medication initiation and
continued until emigration, end of data availability (June 30, 2023),
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death, five years after the start of follow-up, or the occurrence of the
event of interest. Individuals were followed regardless of whether they
redeemed further prescriptions or initiated the comparator treatment,
emulating an intention-to-treat approach.

2.7. Confounding

Covariates were assessed during two distinct time windows: one year
before initiation of the study medication for prescription drug use and
procedure codes, and five years before treatment initiation for in- and
outpatient hospital diagnoses. Prescription drugs were classified at the
fourth level of the Anatomical Therapeutic Chemical (ATC) classifica-
tion (i.e., five-character codes), while diagnoses were classified ac-
cording to the second level of the ICD-10 classification (i.e., three-
character codes). Due to the hypothesis-free nature of the study and
the large number of outcomes (i.e., the number of unique ICD-10 codes
in the included chapters at the second level), it was not possible to select
confounders based on domain knowledge for each exposure-outcome
combination. Instead, we estimated high-dimensional propensity
scores for each comparison and outcome [14]. To reduce the computa-
tional burden, candidate covariates were identified once for each com-
parison (e.g., GLP1-RA vs. SGLT2i). We identified the 250 most
prevalent diagnosis codes, the 250 most common prescription drugs
filled, and the 250 most frequently performed procedures, yielding 750
candidate covariates. Candidate covariates were not categorized ac-
cording to the observed frequency, unlike in the original work by
Schneeweiss et al. From the 750 candidate covariates, for each exposure-
comparator-outcome combination, we prioritized and selected the 50
most important covariates.

2.8. Statistical analysis

Descriptive statistics were used to characterize initiators of the study
medications at baseline. Continuous variables were summarized using
the median and interquartile range, while categorical variables were
summarized using counts and proportions. To adjust for confounding,
we estimated propensity scores using logistic regression, with exposure
status as the dependent variable and the 50 most important covariates
(see above), in addition to age, sex, and calendar time, as independent
variables. Propensity scores were used to calculate fine stratification
weights for the average treatment effect among the treated (ATT), due to
the inherent stability of this type of weight [15]. For each exposure-
comparator-diagnosis pair, we estimated propensity score-weighted
five-year HRs and robust 95% compatibility intervals (CIs) using Cox
proportional hazards regression models, and plotted propensity score-
weighted cumulative incidence curves as 1 minus the Kaplan-Meier
estimator.

In secondary analyses, we conducted a sequence symmetry analysis
(SSA), as described by Tsiropoulos et al. [16], comparing the occurrence
of each outcome of interest during the year after initiation of the study
medication with its occurrence during the year before initiation. If there
is a causal relationship between a study medication and an adverse
outcome, the outcome of interest is expected to occur more frequently
after medication initiation. Such within-person comparisons are robust
towards unmeasured confounders that are stable over the observation
period, such as genetic factors and, to a large extent, education. In this
way, the SSA supplemented the cohort design, which adjusted for all
measured confounders but remained susceptible to residual confound-
ing from unmeasured confounders. The effect measure of interest in the
SSA is the sequence ratio (SR), calculated as the number of events after
drug initiation divided by the number of events prior to drug initiation.
SRs were adjusted for temporal trends in the occurrence of the outcome
[16], and 95% CIs were estimated using Jeffrey’s non-informative prior
[17].
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2.9. Post-processing of associations

We considered a drug-outcome pair a potential safety signal if the
five-year HR for a given exposure and all comparisons were non-null, i.
e., if the lower bound of the 95% CI was above 1.0 or the upper bound of
the 95% CI was below 1.0, and the effect estimates were in the same
direction. For these potential signals, we also considered the SR and the
corresponding 95% CI. If the SR was also non-null and in the same di-
rection, we flagged the signal for further investigation. Although this
approach effectively filtered signals based on precision and hence p-
values, we did not formally adjust for multiple testing, as we evaluated
and interpreted these signals qualitatively, which can be seen as an
informal adjustment for multiple testing [18].

2.10. Post-hoc signal evaluation

To further explore the signals that were flagged as being of interest,
we conducted a series of exploratory analyses. Specifically, we (1) re-
ported unweighted and propensity score-weighted cumulative incidence
curves, (2) provided tabulations of outcome subtypes (at the fourth or
fifth level of the Danish ICD-10 classification) of each outcome originally
identified at the third level (i.e., three-digit level), (3) reported HRs at
one, three, and five years of follow-up, (4) performed sub-group analyses
stratified on sex, (5) compared single drugs from a given drug group to
each other, i.e., liraglutide versus semaglutide, empagliflozin versus
dapagliflozin, and linagliptin, vildagliptin, and sitagliptin compared to
each other, (6) visualized the propensity score distribution for each
exposure type, and, finally, (7) identified and reported the 20 most
important confounders identified by the high-dimensional propensity
score algorithm. Examples of known or potential beneficial signal were
reported separately, while adverse signals were categorized into two
categories: (1) known adverse effects based on the literature and (2)
provisional adverse effects.

3. Results

We identified 49 365 initiators of SGLT2is, 33 018 initiators of GLP1-
RAs, and 50 531 initiators of DPP4is. Of these, 64%, 55%, and 60% were
female, and the mean age was 65, 61, and 66 years of age, respectively
(Table 1). Users of SGLT2is and GLP1-RAs initiated their second-line
glucose-lowering therapy more recently (median year of initiation
2021) compared to DPP4i initiators (median 2016). The prevalence of
diabetic nephropathy (1.0%, 1.1%, 1.5%), neuropathy (0.8%, 1.0%,
0.8%), and retinopathy (0.5%, 0.6%, 0.3%) was comparable across the
three drug groups. Users of GLP1-RAs were more likely to have
redeemed a prescription of insulin before starting the medication of
interest (16.3%) compared to initiators of SGLT2is and DPP4is (8.8%
and 5.6%). Overall, initiators of the three glucose-lowering drugs were
comparable with respect to existing cardiovascular comorbidities and
cancer. Finally, initiators of GLP1-RAs more often had a history of a
hospital diagnosis of obesity (5.5%) compared to the two other groups
(both 2.1%).

Using the active comparator new user cohort design in combination
with high-dimensional propensity scores for confounder adjustment, we
identified 43 diagnoses for which at least one drug had a non-null effect
in both comparisons (Table S1), i.e., a HR with a 95% CI whose lower
bound was above 1.0 or whose upper bound was below 1.0, corre-
sponding to a surprisal value of approximately 4.32. A potential signal
was defined as a drug-outcome pair with consistent, non-null five-year
HRs. After excluding obesity-related signals (i.e., “obesity” and
“sequelae of hyperalimentation”), seven signals were reproduced using
the sequence symmetry principle. Most signals not identified by both
designs were interpreted as likely due to residual confounding, as many
represented an increased risk of frailty-related diagnoses following
initiation of DPP4is. After manually reviewing the signals not confirmed
by the SSA, those considered unlikely to result from residual

Diabetes Research and Clinical Practice 237 (2026) 113341

Table 1

Baseline characteristics for new users of sodium-glucose co-transporter 2 in-
hibitors, glucagon-like peptide 1 receptor agonists, and dipeptidyl peptidase 4
inhibitors. All individuals had redeemed a prescription for metformin during the
year before initiation of the study medication of interest.

SGLT2i GLP1-RA DPP4i SMD
N =49 365 N = 33018 N =50 531
Age, mean (SE) 64.9 (11.1) 61.0 (10.6) 66.0 (11.8) 0.300
Female sex 31 715 (64.2) 18 015 (54.6) 30 346 (60.1) 0.132
Year of initiation, 2021 2021 2016 0.918

median [IQR]
Comorbidities, N (%)

[2019-2022] [2018-2022] [2015-2018]

UTIs 37 (0.1) 48 (0.1) 99 (0.2) 0.022
Chronic kidney 609 (1.2) 334 (1.0) 1439 (2.8) 0.090
disease
Cancer 1981 (4.0) 1072 (3.2) 2018 (4.0) 0.027
Heart failure 2343 (4.7) 509 (1.5) 1358 (2.7) 0.124
Myocardial 910 (1.8) 305 (0.9) 546 (1.1) 0.053
infarction
Obesity 1020 (2.1) 1800 (5.5) 1084 (2.1) 0.119
Microvascular
complications, N
(%)
Diabetic 487 (1.0) 363 (1.1) 776 (1.5) 0.033
nephropathy
Diabetic 377 (0.8) 337 (1.0) 395 (0.8) 0.018
neuropathy
Diabetic 251 (0.5) 189 (0.6) 139 (0.3) 0.031
retinopathy
Prior use of diabetes
medication, N (%)
Insulin use 4334 (8.8) 5371 (16.3) 2852 (5.6) 0.231
Sulphonylurea use 4331 (8.8) 2996 (9.1) 9552 (18.9) 0.198
Medications, N (%)
Loop diuretics 7116 (14.4) 4879 (14.8) 8468 (16.8) 0.043
Thiazides 7923 (16.0) 6153 (18.6) 8370 (16.6) 0.046
Antibiotics for 4256 (8.6) 3442 (10.4) 6383 (12.6) 0.087
UTIs
Glucocorticoids 3146 (6.4) 2238 (6.8) 3775 (7.5) 0.029
Lipid lowering 36 998 (74.9) 23364 (70.8) 36 406 (72.0)  0.063
agents
NSAIDs 9156 (18.5) 8244 (25.0) 10755 (21.3)  0.104
Thyroid hormone 2643 (5.4) 2182 (6.6) 2811 (5.6) 0.035
substitution

Abbreviations: SGLT2i, sodium-glucose co-transporter 2 inhibitor; GLP1-RA,
glucagon-like peptide 1 receptor agonist; DPP4i, dipeptidyl peptidase 4 inhibi-
tor; SMD, standardized mean difference; SE, standard error; IQR, interquartile
range; UTI, urinary tract infection

confounding were retained for evaluation (N = 7). Of the 14 remaining
signals of interest, summarized in Fig. 1, seven represented known or
potential beneficial effects and are therefore only briefly discussed.

3.1. Observed beneficial effects

As summarized in Fig. 1 and detailed in Appendix A, SGLT2is
showed several established beneficial effects, including lower risks of
chronic kidney disease (HR 0.63, 95% CI 0.54-0.72; HR 0.44, 95% CI
0.39-0.50 [Table S1, p. 2]), kidney stones (HR 0.58, 95% CI 0.49-0.69;
HR 0.71, 95% CI 0.59-0.85 [Table S1, p. 5]), and gout (HR 0.42, 95% CI
0.33-0.53; HR 0.57, 95% CI 0.46-0.72 [Table S1, p. 8]). SGLT2is
showed a possible protective association with hypothyroidism (pp.
11-13) and volume depletion (pp. 14-16). GLP1-RAs appeared to
decrease the risk of cardiovascular device complications (pp. 17-20),
and DPP4is appeared to decrease the risk of synovium and tendon dis-
orders (pp. 21-23).

3.2. Known adverse effects

As summarized in Fig. 1 and detailed in Appendix B, four examples
of drug-outcome pairs were classified as known or previously reported:
SGLT2is with phimosis, vaginal inflammation, and diseases of blood and
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Exposure Diagnosis Comparison HR [95% Cl]
Observed Beneficial Effects (Appendix A)
SGLT2i Chronic kidney disease vs. GLP1-RA 0.63 [0.54-0.72]
vs. DPP4i 0.44 [0.39-0.50]
SGLT2i Kidney/ureter stones* vs. GLP1-RA 0.58 [0.49-0.69]
vs. DPP4i 0.71[0.59-0.85]
SGLT2i Gout vs. GLP1-RA 0.42[0.33-0.53]
vs. DPP4i 0.57 [0.46-0.72)
SGLT2i Hypothyroidism* vs. GLP1-RA 0.69[0.52-0.92)
vs. DPP4i 0.69 [0.52-0.90]
SGLT2i Volume depletion vs. GLP1-RA 0.79[0.68-0.92]
vs. DPP4i 0.74 [0.65-0.83]
GLP1-RA Cardiovascular device issues* vs. GLP1-RA 0.37 [0.18-0.76]
vs. DPP4i 0.33[0.16-0.66]
DPP4i Synovial/tendon disorders* vs. SGLT2i 0.60 [0.45-0.79]
vs. GLP1-RA 0.59[0.45-0.78]
Known Adverse Effects (Appendix B)
SGLT2i Phimosis/paraphimosis* vs. GLP1-RA 1.69[1.42-2.02]
vs. DPP4i 2.19[1.84-2.59]
SGLT2i Vaginal/vulvar inflammation* vs. GLP1-RA 2.24 [1.34-3.74]
vs. DPP4i 1.64 [1.02-2.64]
SGLT2i Other blood disorders* vs. GLP1-RA 2.67 [1.62-4.38]
vs. DPP4i 1.63[1.14-2.32]
DPP4i Pemphigoid vs. SGLT2i 2.13[1.06-4.35]
vs. GLP1-RA 2.78[1.15-6.67]
Provisional Adverse Effects (Appendix C)
GLP1-RA Uterine cancer* vs. GLP1-RA 1.82[1.20-2.78]
vs. DPP4i 1.94 [1.19-3.16]
DPP4i Bacterial intestinal infections*  vs. SGLT2i 1.56 [1.18-2.08]
vs. GLP1-RA 2.08 [1.49-2.94]
DPP4i Anaemia in chronic disease vs. SGLT2i 2.00[1.22-3.23]
vs. GLP1-RA 1.92[1.18-3.23]
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Fig. 1. Forest plot of identified signals from safety screening of sodium-glucose co-transporter 2 inhibitors, glucagon-like peptide 1 receptor agonists, and dipeptidyl
peptidase 4 inhibitors, categorized as observed beneficial effects, known adverse effects, and provisional adverse effects. * Diagnosis labels have been abbreviated or
slightly modified for readability; full ICD-10 code descriptions are provided in the appendices. Abbreviations: SGLT2i, sodium-glucose co-transporter 2 inhibitor;
GLP1-RA, glucagon-like peptide 1 receptor agonist; DPP4i, dipeptidyl peptidase 4 inhibitor; HR, hazard ratio; CI, compatibility intervals.

blood-forming organs, and DPP4is with pemphigoid. For SGLT2is and
phimosis, cumulative incidence curves showed a near-immediate in-
crease in risk (Fig. S1, p. 2). HRs declined across follow-up intervals
compared with GLP1-RAs (HR1.year 1.99; HR3.year 1.96; HR5.year 1.69)
(Table S3, p. 3). For SGLT2is and diseases of blood and blood-forming
organs, the observed signal was driven largely by secondary polycy-
thaemia — consistent with the known effect of SGLT2is on increasing
haematocrit — with cumulative incidence curves showing near-
immediate increase and declining HRs over time compared with
GLP1-RAs (HRjp.year 4.03; HR3year 3.03; HRs year 2.67) (Fig. S1 and
Table S3, pp. 8-9). For DPP4is and pemphigoid, cumulative incidence
curves showed that the risk increased after approximately five months
(Fig. S1, p. 11). Notably, the association was statistically significant for
two of the three DPP4i drugs — linagliptin and vildagliptin (Table S5, p.
12).

3.3. Provisional adverse effects

As summarized in Fig. 1 and detailed in Appendix C, three examples
of drug-outcome pairs were classified as provisional adverse effects:
GLP1-RAs with uterine cancer (pp. 2-4), and DPP4is with bacterial in-
testinal infections (pp. 5-7) and anaemia in chronic diseases (pp. 8-10).
For GLP1-RAs and uterine cancer, cumulative incidence curves showed a
near-immediate increase in the risk of uterine cancer (Fig. S1, p. 2), with
risk peaking at five years (HR5.year 1.81). Propensity score distributions
showed adequate overlap between treatment groups (Fig. S2, p. 3), and
the high-dimensional propensity score algorithm identified clinically
relevant covariates (Table S6, p. 4). For DPP4is and bacterial intestinal
infections, the observed signal was driven by Clostridium difficile diar-
rhoea (Table S2, p. 5), with HRs that declined over time yet remained
elevated (HRy.year 1.79; HR3.year 1.61; HR5.year 1.56) (Table S3, p. 6).
Sex-stratified analyses showed similar estimates in males and females
(Table S4, p. 6). DPP4is were associated with an elevated risk of
anaemia in chronic diseases throughout follow-up (HRj.year 3.03; HR3.
year 1.96; HR5.year 2.00) (Table S3, p. 9).

4. Discussion

We leveraged real-world data on the use of glucose-lowering thera-
pies to actively screen for associations between the use of individual
drug classes and inpatient diagnoses as markers of potentially unrec-
ognized adverse events related to these medications. This approach
successfully identified known adverse effects, such as an increased risk
of phimosis with SGLT2i use, as well as three signals of provisional
adverse effects for further investigation.

The primary strengths of the present study include the use of high-
quality Danish health registry data [11-13] and the application of the
active comparator new user cohort study design (further discussed
below). Several limitations also need to be acknowledged. The main
limitation is our reliance on in- and outpatient diagnoses as the sole
source of outcomes, i.e., potential adverse events. The lack of primary
care data and self-reported data precluded assessment of adverse events
that did not trigger contact with the secondary healthcare system.
Further, the screening was performed without a priori specified hy-
potheses. While this was an active choice, it requires all signals gener-
ated to be interpreted with caution. One reason for this is the risk of
suboptimal confounder adjustment, as analyses were not tailored to the
individual outcome. In addition, clinical variables such as body mass
index and blood pressure measurements were not available, and infor-
mation on diabetes duration and laboratory data (e.g., estimated
glomerular filtration rate) were not included in the analysis, which may
have contributed to residual confounding. Moreover, covariates were
assessed within fixed lookback windows (one year for prescriptions and
procedures and five years for hospital diagnoses). While this approach
was chosen to prioritize recent clinical information and ensure compu-
tational feasibility in a large-scale, hypothesis-free screening frame-
work, it may have led to the incomplete capture of earlier chronic
conditions and thereby residual confounding. However, the use of the
high-dimensional propensity score approach partly mitigated these
limitations, as confounders were prioritized for each outcome and drug-
drug comparison.

The overarching clinical interpretation of the study findings is that
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there are seemingly no major or frequently occurring adverse effects to
these therapies that have gone unnoticed. However, some of the signals
raised by this analysis do require further discussion. Firstly, obesity is a
common reason for choosing GLP1-RAs, but it is poorly captured in the
registries. In our data, the prevalence of recorded obesity was 5.5%
among GLP1-RA users versus 2.1% among SGLT2i and DPP4i users,
highlighting likely underestimation. As a result, residual confounding by
obesity may partly explain the observed association between GLP1-RA
and uterine cancer. The immediate increase in uterine cancer
following GLP1-RA initiation is unlikely to represent a true biological
effect. Rather, this pattern is more consistent with detection-related
mechanisms, as changes accompanying weight loss — such as altered
bleeding patterns — can plausibly accelerate the detection of previously
unrecognized uterine cancer. In addition, increased clinical attention
around treatment initiation may contribute to earlier diagnostic work-
up and detection. Finally, the under-capture of obesity is likely re-
flected in signals explicitly related to obesity, such as sleep apnoea.

We also observed a lower risk of chronic kidney disease among
empagliflozin users compared with dapagliflozin users, with a similar
non-significant trend for calculus and gout. This finding should be
interpreted cautiously. Recent evidence from a large Danish cohort
shows no clinically important differences in kidney outcomes between
empagliflozin and dapagliflozin initiators over six years [19]. Differ-
ences in prescribing patterns and residual confounding may have
contributed to the observed association, as dapagliflozin may have been
preferentially prescribed to individuals with higher underlying renal
risk, including patients with established chronic kidney disease or heart
failure, not fully captured by registry-based covariates. Similar consid-
erations likely apply to the observed trends for calculus and gout.

Several of the associations observed in the DPP4i analyses were also
likely influenced by residual confounding. DPP4is became less suitable
comparators in the later stages of the study period, resulting in a com-
parison group consisting of relatively frail users, which may help explain
some of the observed associations, including Clostridium difficile diar-
rhoea and anaemia. Specifically, the observed association with anaemia
in chronic disease is unlikely to reflect a causal effect, but rather con-
founding by indication, as DPP4is may preferentially be used in patients
with impaired renal function, a condition closely linked to anaemia. The
observed protective association between DPP4i use and synovial/tendon
disorders is unlikely to reflect a true protective effect, as DPP4is have
been linked to arthralgia in a meta-analysis and have been subject to a U.
S. Food and Drug Administration safety warning regarding joint pain
[20]. SGLT2i use and reduced risk of kidney stones and gout are well-
established effects, and it is reassuring that our analysis replicated
these. While they were not initially designated as positive controls, they
effectively served in that capacity, highlighting the design’s inability to
distinguish adverse from beneficial effects. In this context, the observed
lower occurrence of dehydration-related diagnoses among SGLT2i users
is implausible as a true protective effect. Given that these agents increase
osmotic diuresis and thereby promote volume depletion, this finding is
more consistent with residual confounding rather than a true beneficial
effect.

Our screening also identified signals related to phimosis. The asso-
ciation between SGLT2i use and phimosis aligns with emerging evidence
suggesting this may be an underrecognized complication [21].

On a methodological note, the application of the hypothesis-free
active comparator design warrants further discussion. The present
study, with its active comparator design, represents screening within a
specified class of therapies and across all outcomes. Compared to pre-
vious screening studies, this design provides the considerable advantage
of improved confounder adjustment and has consequently resulted in a
much more restricted number of safety signals compared to previous
studies [22-24]. While previous screening studies often required sam-
pling of signals, e.g., prioritizing by strength of the association or sta-
tistical certainty [25], the limited number of signals in the present study
allowed for a more detailed analysis and comprehensive evaluation of
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all findings, markedly increasing both transparency and reproducibility
and facilitating clear reporting of the study findings. Of note, however,
the application of an active comparator approach to hypothesis-
generating screening studies within pharmacoepidemiology requires
the availability of drugs and drug classes used either interchangeably or
at least comparably within a given disease. This is the case for glucose-
lowering therapies, but it may not be the case for other therapeutic
areas. Further work is required to fully evaluate the value of the use of
active comparators in drug safety surveillance and the general utility of
such surveillance within the pharmacovigilance framework.

In conclusion, our active screening for adverse effects of glucose-
lowering therapies identified associations between the use of these
therapies and a range of potential adverse events. Some of these signals
can be explained by residual confounding, particularly due to obesity,
while others reflect known pleiotropic effects. However, several signals
remain that warrant further scrutiny, particularly related to infectious
disease and cancer.
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