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Abstract

This paper estimates the effects of universal screening for gestational diabetes mel-
litus (GDM) on maternal and infant health at birth. GDM is the leading cause
of excessive fetal growth and can have adverse long-term consequences for both
mother and child. We evaluate a policy that introduced a full reimbursement for
an oral GDM test by the German Statutory Health Insurance in July 2013, which
led to a sharp increase in screening rates among pregnant women by almost 25
percentage points. Applying a difference-in-discontinuities design to administra-
tive data on all hospital births, we find no effects of universal GDM screening on
neonatal health and maternal birth outcomes.
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1 Introduction

Gestational diabetes mellitus (GDM) is one of the most common medical complica-
tions of pregnancy and a leading cause of excessive fetal growth, i.e., fetal macrosomia
(e.g., Lappe et al., 2023).1 Although maternal blood glucose levels typically return to
normal levels after delivery, GDM is associated with adverse perinatal outcomes such
as cesarean section, obstructed labor due to shoulder dystocia, or birth injury (e.g.,
Metzger et al., 2008, McIntyre et al., 2019). In addition, extensive medical literature
documents persistent associations between GDM and serious health problems for both
mother and child later in life.2

In recent decades, GDM has become a growing public health concern due to its
increasing prevalence in many parts of the world. While in many countries the preva-
lence of GDMwas negligible (of about 1%) in the 1990s, current estimates suggest that
nearly 17% of pregnant women worldwide are affected (e.g., Wang et al., 2022).3 This
upward trend is expected to continue as maternal age at birth and obesity rates in-
crease, twomajor risk factors for GDM (Cleary-Goldman et al., 2005, Shah et al., 2021).
As a result, many countries and health agencies around the world have adjusted their
prenatal care guidelines by establishing screening and diagnostic standards. However,
there is no consensus on the use of universal versus risk-based screening due to the
lack of evidence on its potential impact on child development and maternal health.

This paper examines how universal access to free screening for GDM affects ma-
ternal and infant health, taking advantage of the introduction of full reimbursement
for an oral GDM test by the German Statutory Health Insurance system in July 2013
(see e.g., Tamayo et al., 2016). We estimate the intention-to-treat effects of this policy
by combining high-quality administrative data on all hospital births between 2008 and
2013 with a difference-in-discontinuities design that exploits quasi-random variation
in eligibility for free GDM screening among expectant mothers in 2013. Specifically, we
compare the birth outcomes of mothers who had just benefited from eligibility for free
GDM screening to those who were not yet eligible, with cohorts who gave birth in ex-
actly the samemonths but before 2013. Weuse a similar design to estimate the effects on
newborn outcomes. Using complementary data from process-generated claims from a

1Fetal macrosomia refers to infants with excessive birth weight, typically defined as 4,000g or 4,500g and
above (Gaudet et al., 2014).

2For example, affected mothers have a significantly higher lifetime risk of developing type 2 diabetes and
cardiovascular disease (e.g., Bellamy et al., 2009, Farrar et al., 2016, Kramer et al., 2019). Their offspring
has an increased risk of sudden infant death syndrome, overweight, and obesity with concomitant car-
diometabolic disorders across the lifespan (e.g., Zhang et al., 2008, Zhu et al., 2016, Yu et al., 2019).

3In general, cross-country and over-time comparisons of GDM prevalence are challenging due to differ-
ences in screening approaches and changes in diagnostic criteria (Wang et al., 2022, Eades et al., 2024).
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large health insurer, we also provide evidence of the immediate effect on actual GDM
screening utilization among pregnant women.

We find that the introduction of a free GDM screening led to a sharp increase in
screening rates among pregnant women by almost 25 percentage points (or 34%-38%
compared to samplemean). However, despite the large effects onprenatalGDMscreen-
ing rates, we find only a moderate (albeit statistically significant) increase of about 4%
in the number of newborns affected by maternal GDM. The estimated effects on other
neonatal health measures and maternal birth outcomes, such as birth weight, macro-
somia, cesarean section, and shoulder dystocia, are virtually zero. As a result, we find
nomeaningful changes in length of stay and hospital reimbursement claims, which we
interpret as proxies for economic costs to statutory health insurers.

Our estimates of zero effects on birth outcomes are very precise and robust. The
point estimates and statistical significance are not affected by the choice of model spec-
ification or sample definitions. We also show that neither potential imbalances in the
composition of the treatment and control groups nor endogenous sorting of mothers
across the policy threshold explain our findings. In terms of mechanisms, our results
suggest that even before the introduction of universal GDM screening in 2013, physi-
cians were able to identifymothersmost at risk for adverse GDM consequences at birth
using a risk-based assessment.

In the future, we plan to examine whether the zero effects on immediate birth out-
comes persist using process-generated claims data from all statutory health insurers in
Germany, which include information on all drug dispensations, outpatient diagnoses,
and services up to ten years after treatment. This will allow us to better understand
whether the screening itself induced any potential changes in maternal behavior (e.g.,
changes in diet and physical activity) that may have long-term effects on the health
of children and mothers. In addition, these data include information on maternal so-
cioeconomic background and pre-pregnancy health, which will allow us to conduct
important heterogeneity analyses. Previous research suggests that extended prenatal
care benefits the most disadvantaged groups of mothers (e.g., Corman et al., 2019).

This paper contributes to several strands of the literature. First, our work is closely
related to a scarce body of research that examines the effects of GDM screening on birth
outcomes using quasi-experimental designs. For Finland, Riukula (2023) uses a regres-
sion discontinuity design (RDD) that exploits the discontinuous increase in screening
rates for young mothers at the overweight threshold.4 However, due to the small sam-
ple size, the estimated effects on birth outcomes are very imprecise and the confidence

4In Finland, first-time mothers under the age of 25 are screened only if their body mass index (BMI)
exceeds the overweight threshold of 25 (Riukula, 2023).
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intervals can only rule out large effects of about 10-20%. In ongoing work, Conti and
Rodriguez-Lesmes (2021) apply RDD to a detailed but relatively small dataset from
the Born-in-Bradford cohort study.5 Exploiting a discontinuity along the blood glucose
concentration at a specific GDM diagnostic threshold, they find a significant reduction
in the odds of macrosomia among infants above the GDM threshold. However, the
results for postnatal infant health and development are mixed. The authors point to an
urgent need for studies of the medium- and long-term effects of GDM screening.

A distinct feature of our work is that we exploit policy-induced variation in univer-
sal eligibility for free GDM screening, which allows us to move away from estimating a
local average treatment effect of amarginal GDMdiagnosis at a given BMI or blood test
threshold. Instead, we focus on the intention-to-treat effect of universal GDM screen-
ing, thereby adding rigorous empirical evidence to the debate on the effectiveness and
consequences of universal versus risk-based GDM detection (e.g., Farrar et al., 2016),
which has broad policy implications.6 Specifically, our difference-in-differences de-
sign, applied to large data including nearly 2 million births, yields precisely estimated
zero effects on maternal and infant health outcomes at birth. In the future, we will also
examine the long-term consequences for child development and maternal health.

Second, we build on the broader literature that examines the short- and long-run
consequences of prenatal care.7 Most studies within this literature exploit sources of
exogenous variation in access to prenatal care (e.g., Joyce, 1999, Currie and Grogger,
2002, Evans and Lien, 2005) and find modest reductions in poor birth outcomes such
as preterm birth, low birth weight, and infant mortality. Much less attention has been
paid to the role of monetary incentives, and so far, the results are inconclusive (e.g.,
Cygan-Rehm and Karbownik, 2022, Di Giacomo et al., 2022).8 In general, the literature
focuses on prenatal care as a means of preventing poor fetal growth and, consequently,
low birth weight. We complement this research by examining the effects of a policy
that removed financial barriers to prenatal care targeted at the upper tail of the birth
weight distribution, i.e., preventing and mitigating excessive fetal growth and its later

5The data cover all pregnancies at the main hospital in this English city between 2007 and 2011, and
include rich information on blood tests, in-utero growth, and anthropometrics for the first five years of
life. Depending on the exact outcome, the samples include roughly between 300 and 2500 individuals.

6Compared with selective screening, universal screening requires more resources but may detect more
cases of GDM. There is also no consensus regarding the optimal testing strategy such as one-step versus
two-step approach (Farrar et al., 2017).

7For reviews, see, e.g., Almond and Currie (2011), Currie and Rossin-Slater (2015), Corman et al. (2019).
8For example, Cygan-Rehm and Karbownik (2022) find that a Polish reform that incentivized early initi-
ation of antenatal care had modest positive effects on neonatal health due to improved maternal health
knowledge and behavior during pregnancy. However, Di Giacomo et al. (2022) show that an Italian pol-
icy that eliminated co-payments for noninvasive screening tests in Italy did not affect newborn health,
despite increased screening participation and positive effects on maternal health behaviors.
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consequences.
Finally, our work connects to the literature evaluating the effectiveness of universal

screening for other common diseases such as hypertension, type 2 diabetes, and breast
and cervical cancer (e.g., Sabik and Bradley, 2016, Guthmuller et al., 2023, Alalouf et
al., 2024). Extensive research supports a widespread use of medical screening an an
effective tool promoting the use of preventive health care, which can save lives and
induce favorable health behaviors at relatively low cost (e.g., Maciosek et al., 2010).
However, universal screening recommendations remain a highly controversial issue
because of the cost of treating marginal patients for whom the expected benefit is neg-
ligible and the potential harm fromunnecessary procedures and psychological distress
(e.g., Einav et al., 2020).9

Weadd to this literature byproviding evidence of no effect of universalGDMscreen-
ing on birth outcomes despite slightly increased detection rates. In this respect, our re-
sults support the view that in a high-quality health care system, risk-based assessment
is sufficient to identify mothers most at risk for adverse GDM outcomes, and the ben-
efits for marginally diagnosed mothers and their offspring are limited. However, we
acknowledge that these conclusions are currently based only on the immediate effects
on birth outcomes and that a longer-term perspective is necessary.

This paper proceeds as follows. Section 2 provides institutional details. Section 3
describes the empirical strategy and Section 4 the data. Section 5 presents our main
results and robustness tests. Section 6 concludes.

2 Institutional background

InGermany, health insurance ismandatory and is provided through both statutory and
private insurance systems. Nearly 90% of the population is covered by statutory health
insurance (SHI), while individuals whose income exceeds a certain threshold or who
belong to a certain occupational groups (e.g. self-employed or civil servants) must or
may choose to enroll in private health insurance (PHI) for substitutive full coverage.
SHI covers a wide range of medical services that go well beyond basic health care,
and the services are the same for all enrollees with a given SHI provider. Individuals
covered by substitutive PHI typically enjoy coverage that is equal to or even better than
within the SHI (for more details, see e.g., OECD, 2023).

Prenatal care is a central pillar of health care in Germany, and is regulated by na-

9Recent technological developments and the increasing use of artificial intelligence models for individu-
alized risk assessment may help minimize over-diagnosis and unnecessary, invasive, and costly medical
procedures (Eisemann et al., 2025).
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tional maternity guidelines. These guidelines entitle all pregnant women covered by
the SHI to access health counseling, support, and preventive measures free of charge
(Vetter and Goeckenjan, 2013). However, cost-coverage is limited to medical services
with proven effectiveness, as determined by the Federal Joint Committee (G-BA).10
Services that lack sufficient evidence are excluded from SHI coverage but remain avail-
able as individual health services.11 These services are typically provided after con-
sultation with a physician and require patients to cover the costs on a self-pay basis
(Schnell-Inderst et al., 2011). Historically, GDM screening was an individual health
service. Thus, the decision to screen depended largely on a physician’s assessment of
underlying risk factors for GDM12 and the patient’s willingness to pay out of pocket.

In the early 2010s, the cost of GDM screening ranged from 10 to 25 euros (Bey-
erlein et al., 2016), and approximately 40% of pregnant women covered by SHI were
screened for GDM (Lappe et al., 2023). To mitigate the potentially harmful effects of
undiagnosed GDM, the G-BA decided to move from a risk-based to a universal GDM
screening recommendation and add it to the list of services covered by SHI on March
3, 2012.13 However, due to bureaucratic delays, the billing code for physician reim-
bursement was not issued until July 1, 2013. Until then, pregnant women were legally
entitled to free GDM screening, but their physicians could not claim reimbursement.
Not surprisingly, the initial inclusion of GDM screening in the maternity guidelines in
March 2012 did not result in a noticeable increase in screening rates (see Figure 1). In
contrast, the change in reimbursement procedure was eventually followed by a discon-
tinuous jump in screening rates, which stabilized at a constant level of about 93% in the
following years (Lappe et al., 2023).

In addition to coverage by SHI, the inclusion of GDM screening in the maternity
guidelines also standardized the screening procedure. According to the recommen-
dations, all pregnant women should be routinely tested for GDM between gestational
weeks 24 and 28. The screening follows a two-step process, starting with a non-fasted
glucose challenge test (GCT). If blood glucose levels exceed a specific threshold, an oral

10The G-BA is a decision-making body in the German health care system that determines which medical
treatments, diagnostic procedures, and medications are reimbursed by the SHI.

11A particular medical service may also remain excluded from the list of services covered by the SHI if the
costs disproportionately outweigh the benefits.

12Overweight, GDM,macrosomia, or complications in previous pregnancies (e.g. miscarriages or congen-
ital malformations), and diagnosed diabetes mellitus in parents or siblings were considered risk factors
for GDM (Haschka et al., 2022).

13Initial discussions about offering free GDM screening began in 2002, but were paused due to insufficient
evidence of its benefits. Discussions resumed after a growing body of medical evidence demonstrated
the effectiveness of screening and treatment for GDM. The decision to add free GDM screening to the list
of services covered by the SHI was ultimately based on an expert report from the Institute for Quality
and Efficiency in Health Care (IQWiG).
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glucose tolerance test (oGTT) is performed the following day under fasting conditions
(Tamayo et al., 2016). Womenwith a positive oGTT result are officially diagnosedwith
GDM,which is recorded in theirmaternity records.14 WomendiagnosedwithGDMare
advised to make dietary changes and increase physical activity while closely monitor-
ing their blood glucose levels. If blood glucose levels cannot be adequately controlled
by lifestyle changes, pharmacologic interventions (e.g., metformin or insulin) may be
used as complementary treatment options (Reitzle et al., 2021).15

3 Empirical strategy

The introduction of the reimbursement code for universal GDM testing in July 2013 cre-
ated a natural experiment, allowing us to compare birth outcomes of the first mothers
eligible for free screening with those who were not yet eligible for the test. We define
eligibility based on the month of birth and the recommendation that screening should
be performed between 24 and 28 weeks of gestation. Thus, mothers with a due date in
October 2013 were the first birth cohort eligible for free GDM screening.16

In themain analysis, we focus on births that occurred up to threemonths before and
after the October 1, 2013 threshold. To eliminate possible seasonal effects, we addition-
ally use births that occurred in previous years as a control group. For this purpose,
we include five pre-treatment cohorts (i.e., from 2008 to 2012). This empirical strat-
egy combines a discontinuity design with a difference-in-difference (DiD) approach.17
Specifically, we estimate a linear model of the form:

Yi = α posti + year′i β + δ (posti × treati) +X ′
iγ + εi (1)

where Yi is an outcome of an individual Yi (mother or child). We analyze several

14Glucose levels are measured three times: in the fasting state and one and two hours after the oGTT. A
woman is diagnosed with GDM if one of these measurements exceeds a certain threshold (Tamayo et
al., 2016).

15In Germany, approximately 20 to 30 percent of pregnant women with GDM require insulin treatment
(Schäfer-Graf et al., 2020).

16Given the recommended interval between weeks 24 and 28, there is some fuzziness in treatment assign-
ment using birthmonth, as some of themothers who gave birth in the last weeks of September may have
already been treated, and some of the mothers who gave birth in the first weeks of October 2013 may
not have been treated yet. In Section 5.2, we address this issue by showing that our results are robust to
a donut-hole type of regression specification that excludes mothers who gave birth close to October 1.

17This design is common in studies evaluating the effects of policies that create a cutoff date for eligibility
(e.g., Dustmann and Schönberg, 2012, Schönberg and Ludsteck, 2014, Avdic and Karimi, 2018, Felfe et
al., 2020, Borra et al., 2021, Cygan-Rehm and Karbownik, 2022). The main rationale for including earlier
years as a control group is the evidence of significant seasonality patterns in births and their correlation
with parental socioeconomic characteristics (e.g., Bobak and Gjonca, 2001, Buckles and Hungerman,
2013, Currie and Schwandt, 2013, Clarke et al., 2019).
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outcomes that describe the birth outcomes of mothers and the neonatal health of chil-
dren (see Section 4). The variable posti is an indicator that takes the value 1 for births
that occurred in the calendar months October to December and 0 for the months July
to September. It captures any seasonal differences in the outcomes of summer and
fall births, as long as the seasonal effects are constant across years. The vector Y ear

contains five year of birth dummies for the years 2009 to 2013 (with 2008 as the refer-
ence year). The year fixed effects flexibly capture any year-specific differences in birth
outcomes (e.g. due to institutional or economic factors). The binary variable treat in-
dicates 2013 births (i.e., the treatment cohort). The vector of covariates Xi contains
individual socio-demographic characteristics (e.g., maternal age at birth, a child’s gen-
der, region of residence) and regional contextual variables (e.g., aggregated indices of
health care quality and economic situation, such as unemployment rate or gross do-
mestic product). The terms α, β, δ, and γ are the coefficients to be estimated and εi is
an error term.

The estimate of the interaction term δ is of primary interest as it identifies the intention-
to-treat (ITT) effect of eligibility for free GDM screening. The key assumption for an
internally valid DiD estimate of δ is the parallel trends assumption, which here im-
plies that the potential seasonal patterns are common across years. In other words,
we assume that the potential seasonal differences in the outcomes of summer and fall
births would have remained the same if free GDM screening had not been introduced.
While this is inherently untestable, we provide various empirical exercises to support
the plausibility of this assumption. For example, we show graphically that the seasonal
patterns were very similar in the pre-treatment years. Second, we estimate the effects
of a placebo "treatment" assuming the policy occurred one year later. Finally, we also
show that ourmain results are robust to alternative choices of control years, supporting
the argument that any potential seasonality appears to be constant over time.18

Another important assumption is that the treatment did not induce a different sort-
ing of births beyond the threshold of October 1, 2013. Although universal GDM screen-
ing had already been included in the maternity guidelines in March 2012, the final in-
troduction of the reimbursement code in July 2013 was rather unexpected. Moreover,
given the low out-of-pocket costs for GDM even before the policy change, it is unlikely
that parents would have postponed conception because of the change. However, our

18Using a similar DiD design, Cygan-Rehm (2016) argues that the assumption of parallel trends implies
that a deliberate choice of control years is important. The immediately preceding cohorts are natural
candidates for this role, but the question remains how many of them should be considered. On the one
hand, including many pre-treatment cohorts increases the estimation sample and may imply efficiency
gains. On the other hand, a small number of control years reduces the risk that the underlying seasonal
effects have changed over time or that other policy changes may contaminate the control groups.
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identification strategy would also be threatened if the free screening significantly af-
fected gestational age and thus, changed the composition of mothers giving birth be-
fore and after October 1, 2013. To mitigate such concerns, we perform balancing tests
for the predetermined characteristics and test for a different mass of births due to the
treatment. Finally, we estimate a donut-hole type regression specification that excludes
mothers who gave birth near the October 1, 2013 cutoff, which aims to eliminate any
confounding effects of potential endogenous sorting across the cutoff.

4 Data and samples

For the main analysis, we use administrative data from hospital discharge records
based on the Diagnosis-Related Groups Statistic (DRG) reimbursement claims.19 The
data cover all inpatient hospital stays in Germany, and our estimation samples include
years between 2008 and 2014. In addition to the exact date and reason of admission
and discharge, the data include comprehensive information on all treatments and diag-
noses during a given hospital stay. Clinical procedures are coded according to the Ger-
man classification of medical operations and procedures (OPS). Diagnoses are coded
according to the International Statistical Classification of Diseases and Related Health
Problems (ICD-10). With respect to patient-level information on sociodemographic
characteristics, we observe a patient’s age, gender, and place of residence (FDZ, 2019).

To identify deliveries, we use "birth" as the registered cause of admission. As the
DRG data are structured by hospital case, it is not possible to directly link mothers
to their children. We therefore construct two separate samples. For mothers, we use
the date of delivery to restrict the sample and assign the treatment status. In the child
sample, we use the child’s date of birth, which is directly recorded in the data. By doing
this, we are able to identify about 90-93% of newborn children and 96-97% of mothers
when we compare the numbers in the DRG data with the corresponding figures from
the official natality statistics (seeAppendix TableA.1). For ourDiD analysis, we restrict
the samples to births that took place in the second half (i.e. July to December) of the
years 2008 to 2013, which yields nearly two million births.

As for birth outcomes, we focus on a child’s birth weight both as a continuous
measure (in grams) and as indicators of fetal macrosomia (i.e. using the common
thresholds of either 4,000 or 4,500 grams). We also include an indicator of whether a

19The data are collected by the Institute for the Hospital Remuneration System (InEK) from all virtually
hospitals in Germany for accounting purposes, which is required by law. Not included are prison, po-
lice, and psychiatric hospitals. The InEK transmits a legally defined subset of variables to the Federal
Statistical Office, which makes the data available for research purposes via on-site use at its Research
Data Centers (FDZ). For more details on the data, see FDZ (2019).
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newborn suffers from the syndrome of the mother with gestational diabetes (ICD-10
P70.0), which is typically used to identify newborns affected by maternal GDM for re-
imbursement purposes. We also use an indicator for low birth weight (i.e., less than
2500 grams) as a placebo outcome because we do not expect effects at the lower end
of the birth weight distribution. In the maternal sample, we focus on cesarean de-
livery (OPS-Codes: 5-740, 5-741, 5-742, 5-749) and an indicator of obstructed labor
due to shoulder dystocia (ICD-10 O66.0), which are the two most common birth com-
plications associated with GDM, and pregnancy duration. Finally, as a proxy for the
economic costs of childbirth, we also consider the length of stay and total claims sub-
mitted by hospitals to a patient’s health insurer, which we observe for both infants and
mothers.

Table 1 shows the sample means in our estimation samples. On average, 3.6% of
newborns were identified at birth as affected by maternal GDM. This is lower than the
average incidence rates and suggests a significant underestimation. The average birth
weight is about 3.3 kg, and about 10% of newborns are affected by macrosomia when
defined by the 4,000 g threshold (1.5% when defined by the 4,500 g threshold). On
average, more than 30% of mothers deliver by cesarean section. Obstructed labor due
to shoulder dystocia occurs in 1.5% of deliveries. Almost 10% of mothers give birth
post-term and almost 7% pre-term. On average, infants stay in hospital slightly longer
thanmothers (4.8 days vs. 4.4 days), but generate lower costs to health insurers (€1,715
vs. €1,744).

Because DRG data do not include retrospective information on medical care and
services during pregnancy, we use aggregated data fromAOKPlus for complementary
analyses of the actual utilization of GDM screening. The AOK is one of the largest
statutory health insurers inGermany, providing comprehensivemedical insurance. We
obtained aggregate time series on GDM screening rates for one federal state fromAOK
PLUS Saxony, which is the largest insurer in Saxony, covering 3.5million people, giving
it a market share of nearly 60 percent. The monthly screening rates were calculated
using mothers who gave a hospital birth between January 2010 and December 2014.20
The data are restricted to mothers who were insured with AOK Plus for at least 267
days (i.e., since the expected start of pregnancy) and who delivered at a gestational

20The time series (see Figure 1) was calculated at the Center for Evidence-Based Healthcare (ZEGV)
at the Faculty of Medicine of the Dresden University of Technology (TUD). The ZEGV has access to
individual-level data from the AOK Plus Saxony for research on Covid-19 and dementia. Unfortunately,
the individual-level data cannot currently be used for other research purposes. We have received special
permission to use the aggregated time series directly from the responsible business unit of AOK Plus.
For details, see Acknowledgments. We obtained the data starting in January 2008, but do not use the
first two years due to a significant break in the series in October 2009 as a result of a change in relevant
reimbursement codes.

9



age greater than 26 weeks.21 This results in approximately 1,300 deliveries per month
used for the calculations. Although the AOK Plus data only cover Saxony, the average
screening rates for GDM appear to be very similar to those reported in other studies for
Germany as a whole. For example, the average screening rate in our data was 39.7% in
2010 and 92.2% in 2014, compared with 40.2% and 90.8%, respectively in Lappe et al.
(2023).

5 Results

5.1 Main results

We begin by providing descriptive evidence on the effect of the policy on the actual
uptake of GDM screening using aggregate data from AOK Plus. Figure 1 shows the
evolution of GDM screening rates over time. In general, we observe an increasing trend
over time, probably due to the increasing number of older and overweight pregnant
women - twomajor risk factors for developing gestational diabetes (Cleary-Goldman et
al., 2005). There is no substantial increase in the screening rates immediately following
the introduction of the GDM screening into maternity guidelines in 2012, but the trend
appears to slightly level off thereafter. Frommid-2012 to summer 2013, the proportion
of mothers screened for GDM during pregnancy increased steadily from about 50%
to 65%. In the fall of 2013, screening rates jumped to almost 90% immediately after
the introduction of screening reimbursement by statutory health insurers, and reached
almost 95% by the end of 2014. The figure is consistent with evidence suggesting that
pure information treatments do not significantly increase prenatal care utilization until
coupled with financial incentives (e.g., Cygan-Rehm and Karbownik, 2022).

We confirm the graphical evidence in a regression framework by estimating a sim-
ilar model specification as in Equation (1) to the aggregate time series (see Appendix
Table A.2). For the estimations, we use only the months from July to December in
years 2010 to 2013 and weight the regressions by the number of deliveries in each year
× month cell. We confirm that the introduction of the free GDM screening increased
the uptake of the GDM screening by more than 22 percentage points. The estimate
increases slightly to 24 percentage points in a donut-hole specification that excludes
deliveries in September and October, where (in)eligibility for testing may not perfectly
match the birth month. The conclusions do not change whenwe exclude 2012 from the
control group, suggesting that the earlier introduction of GDM screening into mater-
nity guidelines does not bias the estimate. The point estimates translate into a relative

21The sample restrictions used for the calculations follow Lappe et al. (2023), who report annual GDM
screening rates between 2010 and 2020 in Germany based on data from another insurer (BARMER).
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increase of between 34% and 38%when compared with average screening rates imme-
diately prior to the introduction of the cost reimbursement.22

Next, we test whether the increase in GDM screening rates translates into an im-
provement in birth outcomes. To do this, we estimate linear regressions of our main
model specification as in Equation (1) on the individual-level data from the DRG hos-
pital records. Each regression includes a full set of year of birth fixed effects and a post
dummy. This allows us to flexibly capture possible year-specific and seasonal differ-
ences in birth outcomes due to reasons other than the policy change under study.

Figure 2 illustrates the rationale for our DiD design by showing substantial sea-
sonality in birth weight. Each connected line of two dots shows the sample means for
children born in the third and fourth quarters of a given calendar year. We observe that
being born in late summermonths is associatedwith higher birthweight and higher in-
cidence ofmacrosomia compared to being born in thewinter in all included years. This
pattern is consistent with previous evidence on the seasonality of birth outcomes (e.g.,
Buckles and Hungerman, 2013, Currie and Schwandt, 2013). The remarkable stabil-
ity of the pattern across years supports the parallel trends assumption, which ensures
that the post dummy captures the seasonality effect. The different levels of each pair of
connected dots across years are captured by the year fixed effects. The corresponding
figures for other outcomes are included in Appendix Figure A.1 and Figure A.2.

Table 2 shows the reduced-form estimates of free GDM screening on newborns out-
comes. Column 1 confirms that reimbursement for GDM screening increased the num-
ber of newborns affected by maternal GDM. The point coefficient translates into a rel-
ative increase of 4.3% compared to the sample mean. This result is consistent with
higher screening rates. However, the relatively small effect size suggests that prior to
the introduction of universal GDM screening in 2013, physicians were able to identify
most affected mothers using a risk assessment based on pre-existing conditions.

Despite the slight increase in GDM diagnoses among newborns, we do not find
significant effects on birth weight either when measured continuously (in grams, col-
umn 2) or as an indicator of fetal macrosomia (columns 4 and 5). The coefficients are
consistently close to zero and relatively precisely estimated. For example, the 95% con-
fidence intervals in column 2 allow us to exclude birth weight decreases greater than
3.72 grams and birth weight increases greater than 4.87 grams (i.e., −/+0.1% relative
to the sample mean). The insignificant effect on low birth weight (column 5) suggests
that there are also no effects at the lower end of the birth weight distribution. This was

22In the last column of Appendix Table A.2, we perform a placebo test by assuming that the free GDM
screening was introduced in 2014 (instead of 2013). This specification yields zero effect on screening
rates, supporting the validity of our DiD design.
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expected and supports the internal validity of our main estimates. Neither the effect
on length of stay (column 5) nor on reimbursement claim (column 6) are statistically
significant, although the last point estimate suggests a slight cost increase for health
insurers of 1.4%.

Similarly, in Table 3, we find virtually no effects on maternal outcomes. The point
estimates in the first two columns are close to zero and the 95% confidence intervals
allow us to exclude anymeaningful effect sizes on the the probability of cesarean deliv-
ery or obstructed labor due to shoulder dystocia. Column 3 suggests a slight decrease
in late-term deliveries of about 2% relative to the sample mean. However, the effect is
only marginally statistically significant at the 10% level, which precludes strong con-
clusions. The alleged reduction in late-term births is likely a statistical artifact due to
sample variability, as there is no parallel increase in full-term births (column 4), but
rather a shift toward pre-term births (column 5). Both estimates are statistically in-
significant, but the latter is larger in magnitude and less plausible. Finally, consistent
with the results for the newborns, we find no meaningful increase in maternal length
of stay (column 5) or in costs to health insurers (column 6). Although more precisely
estimated, the latter effect (of 0.3%) is much smaller than in the newborn sample.

In Section 5.2 we show that the results are robust to alternative model specifications
and sample restrictions. We also show that they are not driven by a differential sorting
of mothers into hospital deliveries due to the introduction of the free GDM screening.

5.2 Validity and robustness checks

While the graphical evidence in Section 5.1 for the remarkable stability of seasonal pat-
terns in birth outcomes before 2013 strongly supports the parallel trends assumption,
our main estimates could still be biased if free GDM screening endogenously changed
the composition of mothers giving birth around October 1, 2013. In this section, we
perform various empirical exercises to mitigate such concerns.

First, we formally testwhether the predetermined characteristics are balanced across
the October 1 threshold. We do this by estimating difference-in-difference regressions
similar to those in Equation (1) but replacing the outcome variable with a particu-
lar characteristic of the newborns or mothers. We find that the characteristics of the
treatment and control groups are balanced on almost all covariates (see Appendix Ta-
ble A.3). The only marginally significant difference is that, there are slightly fewer
newborns (or mothers) from rural areas born (or giving birth) after October 1, 2013.
However, this imbalance is small in magnitude and becomes insignificant when we
adjust the p-values for multiple hypothesis testing. The results of the balancing tests
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argue against the concern that our results are driven by differential composition of the
treatment and the control group.

Second, we test for discontinuous changes in the number of hospital births due to
the treatment. The rationale for this is that the free GDM screening may have led to
a differential sorting of mothers into hospital births in 2013 compared to the control
years. In general, large shifts are unlikely because out-of-hospital births are extremely
rare inGermany (e.g., Kreyenfeld et al., 2010).23 Nevertheless, tomitigate concerns that
our estimates are biased by endogenous sample selection, we aggregate the data into
cells by year×month×municipality× age group and count the number of deliveries
in each cell.24 We then regress the number of births on our main model specification
(see Equation (1)) using the aggregated data. We do not find a significantly different
mass of births across the October 1 treashold in 2013 (see Appendix Table A.4), but the
estimates are relatively imprecise to allow for strong conclusions.

Finally, we test the robustness of our results to extended model specifications and
sample restrictions (see Appendix Table A.5) and Table A.6). For example, we show
that the estimates are remarkably robust to controlling for predetermined background
characteristics, confirming that observable characteristics are balanced across treat-
ment and control groups. We also estimate a doughnut-hole regression specification
that excludes mothers who gave birth close to the October 1, 2013 cutoff. This speci-
fication eliminates any confounding effects of potential endogenous sorting across the
cutoff. It also addresses some fuzziness in treatment assignment using birth month.
All alternative results support our main conclusions.

6 Conclusions

This paper examines the effects of a universal screening for gestational diabetes melli-
tus (GDM) on maternal and infant health. GDM is one of the most common medical
complications of pregnancy and is associated with adverse perinatal outcomes and se-
rious lifelong health problems for both mother and a child (e.g., McIntyre et al., 2019,
Yu et al., 2019, Shah et al., 2021). We take advantage of the quasi-experimental varia-
tion in free GDM screening eligibility induced by the introduction of full reimburse-
ment for an oral GDM test by the German Statutory Health Insurance system in July
2013 (see e.g., Tamayo et al., 2016). Specifically, we estimate the intention-to-treat ef-
fects of this policy by combining high-quality administrative data on all hospital births

23The proportion of out-of-hospital births in Germany is less than 2%. The most common alternatives are
birth in a certified center or home birth with a midwife.

24In the newborns sample, we use gender instead of age group for this data aggregation.
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with a difference-in-discontinuities design. Using complementary data from process-
generated claims from a large health insurer, we also provide evidence of the immedi-
ate effect on actual GDM screening utilization among pregnant women.

We find that the introduction of a free GDM screening led to a sharp increase in
screening rates by almost 25 percentage points (or 34%-38% compared to the sample
means). However, despite the large effects on prenatal GDM screening rates, we find
only a moderate (albeit statistically significant) increase of about 4% in the number of
newborns affected by maternal GDM. The estimated effects on other neonatal health
measures and maternal birth outcomes, such as birth weight, macrosomia, cesarean
section, and shoulder dystocia, are virtually zero. Consequently, we find no meaning-
ful changes in length of stay and hospital reimbursement claims, which we interpret
as proxies for economic costs of birth to statutory health insurers.

Our results suggest that even before the introduction of universal GDM screening
in 2013, German physicianswere able to identifymothersmost at risk for adverse GDM
consequences at birth using a risk-based assessment. In the future, we plan to examine
whether the zero effects on immediate birth outcomes persist using process-generated
claims data from all statutory health insurers in Germany, which include information
on all drug dispensations, outpatient diagnoses, and services up to ten years after treat-
ment. This will allow us to better understand whether the screening itself induced any
potential changes inmaternal behavior (e.g., changes in diet and physical activity) that
may have long-term effects on the health of children and mothers.
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Figures and Tables

Figure 1: GDM screening rates over time
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Note: The solid line shows the proportion of mothers tested for GDM during pregnancy by the date of
delivery. The dashed lines represent trends that fitted to the data separately for three time intervals.
The data are restricted to mothers who were insured with AOK Plus for at least 267 days (i.e., since the
expected start of pregnancy) and who delivered at a gestational age greater than 26 weeks.
Source: AOK Plus Sachsen.
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Figure 2: Year-to-year seasonality in birth weight
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Table 1: Sample means

Estimation sample Newborns Mothers
A: Outcomes
Affected by maternal GDM 0.036
Birth weight (in gram) 3,339.775
Macrosomia ≥4,000g 0.101
Macrosomia ≥4,500g 0.012
Low birth weight (<2500g) 0.064
C-section 0.308
Obstructed labor due to shoulder dystocia 0.014
Late-term birth (> 41 weeks) 0.097
Full-term term (37-41 weeks) 0.822
Pre-term birth (< 37 weeks) 0.067
Length of stay (in days) 4.768 4.415
Reimbursement claim to the insurer (in euros) 1,715.572 1,943.649
B: Individual characteristics
Female 0.489 1.000
Age 0.000 29.961
Schleswig-Holstein 0.033 0.033
Hamburg 0.026 0.025
Lower Saxony 0.092 0.095
Bremen 0.008 0.008
North Rhine-Westphalia 0.212 0.217
Hesse 0.076 0.076
Rhineland-Palatinate 0.049 0.048
Baden-Wuerttemberg 0.138 0.136
Bavaria 0.158 0.157
Saarland 0.011 0.010
Berlin 0.049 0.048
Brandenburg 0.027 0.026
Mecklenburg-Western Pomerania 0.018 0.019
Saxony 0.052 0.051
Saxony-Anhalt 0.025 0.026
Thuringia 0.025 0.025
City 0.522 0.521
Urban 0.322 0.321
Rural 0.156 0.158
Obs. 1,932,448 1,957,643

Note: Samples restricted to births from July to December in years 2008 to 2013. The regional indicators
refer to the place of residence.
Source: Diagnosis-Related Groups Statistic (DRG).
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Figure A.1: Year-to-year seasonality in extremely high and low birth weight
(a) Macrosomia (>4,500 gram)
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(b) Low birth weight(<2,500 gram)
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Note: Sample restricted to births from July to December in the years 2008 to 2013. Each set of connected
dots compares the sample means for children born in the 3rd and 4th quarters of a given calendar year.
The 2nd difference comparison is between the means for the 3rd and 4th quarters aggregated over the
pre-reform years 2008-2012.
Source: Diagnosis-Related Groups Statistic (DRG).
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Figure A.2: Year-to-year seasonality in birth complications
(a) C-section
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(b) Obstructed labor due to shoulder dystocia
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Note: Sample restricted to births from July to December in the years 2008 to 2013. Each set of connected
dots compares the sample means for children born in the 3rd and 4th quarters of a given calendar year.
The 2nd difference comparison is between the means for the 3rd and 4th quarters aggregated over the
pre-reform years 2008-2012.
Source: Diagnosis-Related Groups Statistic (DRG).
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Table A.1: Comparison of sample sizes with official statistics

Number of newborns Number of deliveries

DRG newborn Official stats. Share DRG mothers’ Official stats. Share
Year sample (Destatis) (in %) sample (Destatis) (in %)
2008 616,908 682,514 90.39% 633,928 662,783 95.65%
2009 614,642 665,126 92.41% 621,703 644,274 96.50%
2010 630,582 677,947 93.01% 636,210 656,390 96.93%
2011 615,421 662,685 92.87% 625,067 642,791 97.24%
2012 628,807 673,544 93.36% 636,787 653,215 97.49%
2013 637,445 682,069 93.46% 644,655 661,138 97.51%
Total 3,743,805 4,043,885 92.58% 3,798,350 3,920,591 96.88%

Note: Share corresponds to the ratio of the year-specific number of observations in the DRG estimation
samples to the number of newborns or deliveries from official statistics.
Source: Diagnosis-Related Groups Statistic (DRG); Federal Statistical Office (Destatis).
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Table A.2: Effects of free GDM screening eligibility on screening rates

(1) (2) (3) (4)
Baseline Donut-hole W/o 2012 Placebo

post × treat 0.222*** 0.244*** 0.236*** -0.002
(0.027) (0.019) (0.027) (0.010)

post 0.008 0.021** -0.006 0.008
(0.009) (0.009) (0.007) (0.009)

y2010 ref. ref. ref. ref.

y2011 0.028*** 0.028** 0.028*** 0.028***
(0.009) (0.010) (0.007) (0.009)

y2012 0.145*** 0.151*** - 0.145***
(0.012 (0.013) (0.012)

y2013 = treat 0.236*** 0.225*** 0.229*** -
(0.017) (0.014) (0.017)

y2014 = treat - - - 0.512***
(0.008)

Const. 0.415*** 0.411*** 0.422*** 0.415***
(0.007) (0.009) (0.006) (0.007)

Y-mean 0.651 0.636 0.651 0.927
Rel. to Y-mean 34.1% 38.4% 36.3% -0.03%
No. of year × month cells 24 16 18 24
No. ob deliveries 33,451 22,242 25,073 33,843

Note: Unless otherwise noted, data are restricted to births from July to December in the years 2008 to
2013. In column 2, September and October births are excluded. In column 4, the treatment year 2013 is
replaced by 2014. Each column is based on a separate linear regression of equation (1). All regressions
include year of birth fixed effects and a post dummy. The regressions are based on data are aggregated
into year ×month cells and weighted by the number of deliveries in each cell. Robust standard errors
are reported in parentheses. Y-mean denotes the sample mean in the last quarter before the
introduction of free GDM screening.
Source: AOK Plus Sachsen.
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Table A.3: Balancing tests

Estimation sample Newborns Mothers
Coeff. St. Err. p-value Coeff. St. Err. p-value

Female 0.000 (0.002) 0.977 - - -
Age - - - -0.011 (0.002) 0.003
Schleswig-Holstein 0.001 (0.001) 0.380 0.000 (0.001) 0.663
Hamburg 0.001 (0.001) 0.097 0.001 (0.001) 0.184
Lower Saxony -0.001 (0.001) 0.442 -0.002 (0.001) 0.163
Bremen 0.000 (0.000) 0.912 0.000 (0.000) 0.941
North Rhine-Westphalia -0.001 (0.002) 0.590 0.000 (0.002) 0.983
Hesse -0.001 (0.001) 0.390 -0.001 (0.001) 0.534
Rhineland-Palatinate 0.000 (0.001) 0.834 -0.001 (0.001) 0.495
Baden-Wuerttemberg 0.001 (0.001) 0.665 0.000 (0.001) 0.743
Bavaria 0.000 (0.001) 0.874 0.001 (0.001) 0.318
Saarland 0.000 (0.000) 0.434 0.000 (0.000) 0.573
Berlin 0.001 (0.001) 0.295 0.000 (0.001) 0.615
Brandenburg 0.000 (0.001) 0.993 0.000 (0.001) 0.717
Mecklenburg-Western Pomerania 0.000 (0.000) 0.576 -0.001 (0.001) 0.115
Saxony -0.001 (0.001) 0.494 0.000 (0.001) 0.785
Saxony-Anhalt 0.000 (0.001) 0.961 0.000 (0.001) 0.752
Thuringia 0.000 (0.001) 0.533 0.000 (0.001) 0.686
City 0.002 (0.002) 0.176 0.002 (0.002) 0.223
Urban -0.000 (0.001) 0.935 0.001 (0.002) 0.575
Rural -0.002 (0.001) 0.098 -0.003 (0.002) 0.026
Obs. 1,932,448 1,957,643

Note: Samples restricted to births from July to December in years 2008 to 2013. Each coefficient is based
on a separate linear regression of a given characteristic on the interaction term between the post and
dummy as specified in equation (1). All regressions include year of birth fixed effects and a post
dummy. The federal state and regional indicators refer to the place of residence.
Source: Diagnosis-Related Groups Statistic (DRG).
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Table A.4: Effects on the number of hospital births

(1) (2) (3) (4)
Newborns Mothers

Baseline Incl. controls Baseline Incl. controls
post × treat -6.332 -4.350 -1.253 -1.781

(49.685) (4.367) (12.573) (7.312)
Rel. to Y-mean -4.3% -3.0% -2.4% -3.4%
Municipality FE, gender no yes no no
Municipality FE, age group FE no no no yes
Y-mean 146.542 146.542 52.655 52.655
Obs. 13,187 13,187 37,179 37,179

Note: Samples restricted to births from July to December in years 2008 to 2013. Data in the newborn
sample are aggregated into year ×month × municipality × gender cells. Data in the mothers’ sample
are aggregated into year ×month ×municipality × age group cells. Municipality refers to the location
of the hospital. The dependent variable is the number of births in each cell. Each column is based on a
separate linear regression of equation (1). All regressions include year of birth fixed effects and a post
dummy. FE = fixed effects.
Source: Diagnosis-Related Groups Statistic (DRG).
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