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Sick and depressed? The causal impact 
of a diabetes diagnosis on depression
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Abstract 

Background There is sparse evidence on the impact of health information on mental health as well as on the 
mechanisms governing this relationship. We estimate the causal impact of health information on mental health via 
the effect of a diabetes diagnosis on depression.

Methods We employ a fuzzy regression discontinuity design (RDD) exploiting the exogenous cut‑off value of a 
biomarker used to diagnose type‑2 diabetes (glycated haemoglobin, HbA1c) and information on psycometrically 
validated measures of diagnosed clinical depression drawn from rich administrative longitudinal individual‑level data 
from a large municipality in Spain. This approach allows estimating the causal impact of a type‑2 diabetes diagnosis 
on clinica ldepression.

Results We find that overall a type‑2 diabetes diagnosis increases the probability of becoming depressed, however 
this effect appears to be driven mostly by women, and in particular those who are relatively younger and obese. 
Results also appear to differ by changes in lifestyle induced by the diabetes diagnosis: while women who did not 
lose weight are more likely to develop depression, men who did lose weight present a reduced probability of being 
depressed. Results are robust to alternative parametric and non‑parametric specifications and placebo tests.

Conclusions The study provides novel empirical evidence on the causal impact of health information on mental 
health, shedding light on gender‑based differences in such effects and potential mechanisms through changes in 
lifestyle behaviours.

Keywords Diabetes, Depression, Fuzzy regression discontinuity design, Administrative longitudinal data, Lifestyle 
changes

Background
An increasing body of evidence suggests the relevance 
of health information in influencing key health-behav-
iours. For instance, the medical literature finds that the 
information provided by portable devices [1, 2] or the 
diagnosis of specific types of cancer [3, 4] might trig-
ger behavioural changes and ultimately affect health 
outcomes. More recently, the economics literature has 
started exploring the role of health information by focus-
ing on the impact of the diagnosis of chronic conditions, 
including hypertension and diabetes [5–9]. While these 
recent economics studies often employ causal infer-
ence methods and are thus capable of identifying causal 

*Correspondence:
Joan Gil
joangil@ub.edu
1 Department of Applied Economics, University of Granada, Granada, 
Spain
2 Department of Economics and BEAT, Universitat de Barcelona, Diagonal 
Ave. 696, 08034 Barcelona, Spain
3 Department of Applied Economics, University of Granada, Granada, 
Spain
4 Madrid Institute for Advanced Study (MIAS) and Department 
of Economic Analysis, Universidad Autónoma de Madrid (UAM), Madrid, 
Spain
5 Lancaster University, Lancaster, UK
6 IZA, Bonn, Germany

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s13561-023-00451-w&domain=pdf
http://orcid.org/0000-0003-4159-379X


Page 2 of 13Gaggero et al. Health Economics Review           (2023) 13:38 

effects, they mostly focus on changes in health-behav-
iours while ignoring other relevant health outcomes such 
as mental health.

Mental health and depression have been consistently 
found to be linked with health-behaviours. A series of 
studies show that individuals with healthier patterns of 
lifestyle behaviours present lower levels of psychological 
distress [10–16]. In addition, the relationship between 
chronic conditions and mental health is well-docu-
mented with several papers suggesting strong correla-
tions between major chronic conditions such as diabetes 
and mental health. More specifically, a large body of evi-
dence finds strong and sizeable correlations between a 
diabetes diagnosis and several mental health outcomes 
such as clinical depression, consumption of antidepres-
sants, and measures of quality of life and social interac-
tions [17–22]. Equally, another stream of studies shows 
significant associations between mental ill-health and the 
risk of developing T2DM [17, 22–24]. However, the exist-
ing literature does not appear to have comprehensively 
investigated the role of health information in causally 
influencing mental health.

The main objective of this paper is to identify the 
causal impact of health information on mental health 
via the impact of a diagnosis of type-2 diabetes (T2DM) 
on clinical depression using a regression discontinuity 
design (RDD). More specifically, we exploit the discon-
tinuity offered by the exogenous cut-off of a biomarker 
commonly used for the diagnosis of T2DM (i.e. glycated 
haemoglobin, HbA1c) to estimate the impact of a T2DM 
diagnosis on diagnosed clinical depression using rich 
longitudinal administrative data from Spain.

This paper offers several contributions to the literature. 
First, we provide novel causal evidence of the impact of 
health information on depression, one of the most wide-
spread mental disorders affecting around 280 million 
individuals globally [25]. While the growing literature 
on the role of health information has mainly focused on 
its effect on health-behaviours especially among indi-
viduals with chronic conditions, to the best of our knowl-
edge no previous studies have attempted to identify the 
causal impact of health information on diagnosed clinical 
depression. Second, our analysis suggests that the effect 
of a type-2 diabetes diagnosis on depression might vary 
by gender, age and BMI level as well as by the behavioural 
changes induced by it specifically weight loss. Hence, this 
contributes directly to the literature on the relevance of 
health information and the mechanisms through which 
it might affect health outcomes. From a policy perspec-
tive this might be also potentially useful as it highlights 
that the provision of health information (in the form of 
a diabetes diagnosis) could positively affect both life-
style hehaviours (weight losses in particular) and mental 

health. Third, our empirical analysis also contributes 
to the large strand of the literature concerned with the 
determinants of mental health among individuals with 
major chronic conditions, including obesity and type-2 
diabetes. This is also likely to be relevant policy-wise as 
type-2 diabetes is currently affecting 537 million indi-
viduals, and its burden of disease is projected to increase 
in both developing and developed countries [26]. Finally, 
differently from the majority of previous studies on the 
impact of a T2DM diagnosis employing a sharp RDD, the 
fuzzy RDD approach used here allows accounting for the 
possibility that a T2DM diagnosis may not be exclusively 
based on the cut-off of a single biomarker, but on a wider 
set of information including family history and the pres-
ence of comorbidities.

More generally, estimating the causal impact of a 
T2DM diagnosis on depression might be relevant from 
an economic perspective as these are both highly preva-
lent conditions with significant impacts on the quality of 
life and productivity of individuals. Indeed, both T2DM 
and mental ill-health greatly affect an individual’s abil-
ity to work leading to reduced labour force participation 
and increased absenteeism [27–30]. Hence, establishing 
and quantifying a causal relationship between these two 
widespread conditions, might provide valuable infor-
mation to develop more targeted interventions. These 
should be aimed at reducing the combined economic 
burden of T2DM and depression, including screening 
and early detection programmes for patients with diabe-
tes and appropriate treatment strategies more explicitly 
accounting for the potential risk of clinical depression.

Previous literature
Several recent studies in the field of medicine have 
explored the effects of health information either via 
the diagnosis of specific types of cancers or by portable 
devices on clinical outcomes as well as risky health-behav-
iours [1–4]. However, these findings are mostly based on 
standard statistical associations and are either mixed or 
observed only among specific sub-groups of individuals.

The economics literature has also started exploring 
the role of health information in influencing health and 
health-behaviours. This is highly relevant as standard 
economic models assume that individuals have complete 
knowledge about their health, and they can perfectly 
and rationally process it when making health investment 
decisions [31, 32]. However, this assumption has been 
recently re-assessed by empirical and experimental stud-
ies [33–35]. Early economic studies focus on the effects 
of public health information campaigns [36–39] or nutri-
tional labels [40, 41] while more recent contributions 
attempt to identify the causal impact of health informa-
tion via the diagnosis of chronic conditions, including 
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T2DM, on lifestyle behaviours [5–9] and cardiovascular 
risk factors [42]. The latter studies tend to increasingly 
find significant causal impacts of a T2DM diagnosis 
mostly on weight loss or fat intake.

Moreover, the dual relationship between diabetes and 
mental health has been investigated, mainly in the medi-
cal literature. Several of these studies have shown a sig-
nificant association between the diagnosis of T2DM and 
the deterioration of mental health [17–20] with nega-
tive effects on quality of life, social contacts [20, 22], and 
increases in the consumption of antidepressants [18]. In 
addition, a consistent finding in the medical literature is 
that major depressive disorders increase the risk of devel-
oping T2DM and subsequent complications [17, 23, 24].

Importantly, most medical evidence tends to rely 
on self-reported information of key variables of inter-
est and only identifies standard statistical correlations, 
while overlooking potential endogeneity issues. Gaggero 
[7] appears to be among the very few economics studies 
attempting to identify the effect of a diabetes diagnosis 
on a measure of mental health. However, he only employs 
self-reported information on mental health together with 
a less reliable biomarker, i.e. Fasting Plasma Glucose, 
[43] to detect diabetes on a sample of older individu-
als in England, finding no statistically significant effects 
of a T2DM diagnosis. As a result, the literature has not 
yet established whether health information may have a 
causal impact on developing a diagnosed mental health 
condition and, more specifically, whether a T2DM diag-
nosis might causally affect clinical depression.

Methods
Data
We employ administrative data of patients followed over a 
seven-year period (2004–2010) drawn from six GP prac-
tices and two hospitals located in the city of Badalona 
(nort-east of Barcelona), Spain, an EU country with a 
universal health care system free at the point of delivery 
[44]. The initial sample includes patients aged 16 + who 
had at least one contact with those hospitals and centres 
between 1 January 2004 and 31 December 2010.1

The dataset contains detailed information about 
patients’ clinical measurements of height and weight 
and any diagnosed health condition, including clinical 
or major depression.2 More specifically, clinical depres-
sion is identified by a binary variable taking value 1 if the 
patient is diagnosed with clinical/major depression, cor-
responding to the code/registry P76 of the International 
Classification of Primary Care, second edition (ICPC-
2), 0 otherwise. The information used by physicians to 
diagnose depression is based on a series of psychometri-
cally validated measures of clinical depression, including 
the Golberg Anxiety and Depression Scale (GADS), the 
Hamilton Rating Scale for Depression (HRSD) as well as 
the Geriatric Depression Rating Scale (GDRS) [45–48]. 
All three measures are collected by physicians through 
interviews with patients on the basis of a series of items 
identifying several symptoms of depression experi-
enced by the patients during the previous week (18 in 
the GADS; 17 in the HRSD; 15 items in the short form 
of the GDRS index or 35 in the longer version, respec-
tively). While the GADS and the HRSD can be used to 
detect depression in the general population, the GDRS is 
specifically designed to diagnose depression among older 
patients. The latter measure might be particularly use-
ful in this case given the average age of individuals in our 
sample. The standard recommended thresholds to diag-
nose clinical depression for each validated measure were 
used.3

Other key variables and descriptive statistics
Our medical records also include data on glycated hae-
moglobin (henceforth, HbA1c), a biomarker providing 
a measure of a patient’s average blood sugar level in the 
previous 8–12 weeks that is commonly used to diagnose 
T2DM [52]. In our setting, physicians follow standard 
national and international medical guidelines for patients 
with T2DM and use the threshold value of HbA1c ≥ 6.5 

1 Data from both the Catalan and the Spanish National Statistical Institutes 
for the year 2010 (the year where the last wave of the data used here was col-
lected) show that sociodemographic characteristics of individuals residing in 
the city of Badalona seem to match very closely national averages concerning 
age and gender with small differences in employment/activity (65.5% vs 60.2% 
in Badalona and Spain, respectively) and share of immigrants (around 15% vs 
12.2%). Our sample also appears to closelyresemble main observables of the 
city of Badalona, with the exception of immigrant status (9.5% vs. 15% in our 
sample vs the city of Badalona) and employment rate (71% vs. 65.5%). As for 
all routinely collected administrative datasets, it should be noted that the data 
used here are drawn from administrative records of all individuals who used 
health care services in the province of Badalona during the period 2004–2010. 
As such, these are not meant to be statistically representative of the city of 
Badalona or the Spanish population and some differences might be expected.

2 These two terms are synonymous and can be used interchangeably.
3 That is, at least 8 over 17 symptoms need to be present to diagnose 
depression using the Hamilton scale, HRSD; 7 over 18 symptoms using 
the Golderbg scale, GADS (including at least 5 anxiety symptoms together 
with 2 depression symptoms); and 20 over 35 symptoms for the 35-item 
Geriatric scale and at least 5 over 15 for its short-form version, GDRS. 
Note that although we know that, according to the guidelines of the cor-
responding local health authority, these three psycometrically validated 
measures were used by physicians to diagnose clinical depression, our 
data just include a dummy variable defining a patient’s final diagnosis of 
clinical depression based on such measures, i.e. our data do not include 
the specific items/symptoms used within each measure. Yet, a detailed 
description of each item/symptom can be found [46, 49, 50]. A compre-
hensive discussion of the differences between depression scales can be 
found in Edelstein et al. [51].
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percent to diagnose T2DM [53].4 This test is adminis-
tered as part of routine health checks to all individuals 
presenting relevant risk factors or symptoms of hypergly-
caemia (high blood sugar levels).

HbA1c measurements are endorsed by the Inter-
national Expert Committee (IEC) and the American 
Diabetes Association (ADA) as they are more reliable 
if compared to other measures of blood sugar such as 
the Fasting Plasma Glucose (FPG).5 The latter appears 
to have a substantially shorter time validity; to be sen-
sitive to short-term lifestyle changes and stress; and 
tend to systematically underestimate the prevalence 
of diabetes [43, 52, 58].6 Relevant to this study, upon 
a T2DM diagnosis, patients of the Spanish health care 
system are normally recommended to follow a non-
pharmacological treatment consisting of educational 
training sessions for diabetes self-management aimed 
at improving their lifestyle though dietary changes and 
regular exercise.

In addition, the dataset includes a rich set of demo-
graphic and socioeconomic characteristics such as age; 
gender; employment status (active/retired); marital sta-
tus (married/cohabiting vs living alone); immigration 
status (EU vs non-EU), that we use as control variables. 
For the purpose of our analysis, we include in our esti-
mating sample individuals with at least one biomarker 
measurement per year. This effectively includes any indi-
vidual either diagnosed with diabetes; at risk of diabetes 
(including pre-diabetics, i.e. patients with a HbA1c value 
between 5.7–6.4 percent); or any other individual with 
relevant risk factors or symptoms that may lead to high 

blood sugar levels. This leads to a sample of 13,971 indi-
viduals (39,994 obs.).7

Table 1 reports the summary statistics of the main vari-
ables of interest. The Table shows that around 18 percent 
of the patients are diagnosed with clinical depression.8 
We next report statistics on individuals diagnosed with 
T2DM via the corresponding ICPC-2 code informed by 
the HbA1c values. The average HbA1c for the patients in 
our sample is around 6.6 percent and on average patients 
have been diagnosed for a little over 3 years (see the vari-
able labelled “onset”). With respect to other demographic 
variables, the average age of the sample is around 65, and 
the sample is almost evenly split by gender. Furthermore, 
87, 27 and 2 percent of the sample are, respectively, liv-
ing with a partner; active in the labour market; and were 
born outside the EU. Finally, the Table also reports that 
59 and 53 percent of the patients are also diagnosed 
with hypertension and dyslipidaemia (the presence of 
high amounts of lipids, including cholesterol, in blood), 
respectively; while 4, 7 and 5 percent of the patients are 
affected by asthma, neoplasms/cancers and chronic 
obstructive pulmonary disease (COPD) respectively. 
Tables S1-S3 in the Additional file 1 show differences in 
individuals’ characteristics by treatment status, gender 
and bodyweight change.

Empirical approach
We employ a fuzzy regression discontinuity design 
(RDD) exploiting the discontinuity offered by the exog-
enous cut-off value of 6.5 of the biomarker (HbA1c) used 
to diagnose T2DM. We choose to follow a fuzzy design as 
physicians may not base their diagnosis solely on HbA1c 
values. For instance, they could potentially look at further 
patients’ characteristics as well as family history around 
T2DM or whether individuals may suffer from other 
metabolic conditions, such as hypertension or dyslipidae-
mia. For instance, it might be the case that some physi-
cians may diagnose with T2DM individuals with several 
metabolic conditions and a value of HbA1c just below 6.5 

4 While HbA1c was universally considered the main tool to diagnose dia-
betes only from 2009 [52], the Spanish health care system (as many other 
health care systems) was routinely using it to diagnose diabetes during the 
years covered by this analysis.
5 A series of papers suggest that HbA1c tests administered on previously 
undiagnosed individuals have generally a very high specificity (i.e., the 
ability to correctly identify individuals who do not have diabetes) nor-
mally around 97% and a more variable sensitivity (i.e., the ability to cor-
rectly identify individuals who have diabetes) ranging between around 
50% to 83%, depending on the populations considered [54, 55]. Because 
of the latter, the IEC also recommends that a T2DM diagnosis should 
be confirmed by a repeated test, unless the diagnosis is clear on clinical 
grounds [52]. The current practice in Spain [56] is to retest the HbA1c 
level when the level is close to 6.5% after 3 to 6  months. According to 
recent evidence, this practice would help identifying more true-positives, 
potentially raising the sensitivity of the test [57]. Here we employ within-
year mean value of HbA1c tests, exploiting the presence of repeated 
measurements.
6 Note that in our dataset patients usually present multiple HbA1c meas-
urements per year. In order to account for this, our models employ the 
within-year mean value of HbA1c. Note that results are similar when using 
the last HbA1c measurement of the corresponding year. In addition, given 
the differences between type-1 and type-2 diabetes and related treatments, 
we dropped all individuals with type-1 diabetes.

7 The initial sample includes 123,453 individuals. Since our analysis relies 
on the information provided by the biomarkers, we include in our sample 
those individuals with at least one measurement per year, resulting into 
13,971 individuals (corresponding to 39,994 obs.). Given that almost all 
individuals in the sample who are at risk of or have been diagnosed with 
T2DM present at least one biomarker measurement per year, the exclu-
sion of individuals with no biomarker measurements is unlikely to bias the 
results of our empirical analysis.
8 The relatively high clinical depression rate might be in part due to the 
fact that our sample includes older individuals most of whom are diagnosed 
with T2DM.
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percent. Our fuzzy RDD approach would allow account-
ing for such cases.9

A fuzzy RDD estimation is akin to a two-stage least 
squares instrumental variable (2SLS-IV) specification 
[60]. Accordingly, the first stage equation can be repre-
sented as follows:

where Di,t is a dummy indicator for whether individual i 
was diagnosed with T2DM at time  t (i.e., year).Aboveit 
is a binary variable that takes the value of 1 when the 
HbA1c value of an individual is larger than or equal to 
the predetermined cut-off value of 6.5, defining treat-
ment assignment, and acts as the instrument for the 
T2DM diagnosis. The covariate 

(

HbA1ci,t − 6.5
)

 is the 
centred or normalised HbA1c.10 There are two main 
alternative ways for selecting the functional form to esti-
mate the magnitude of the discontinuity in the outcome 

(1)Di,t = µ+ ρAbovei,t + τAbovei,t HbA1ci,t − 6.5 + δ HbA1ci,t − 6.5 +X
′

i,t�+ ǫi,t

of interest at the cut-off point within a RDD setting: the 
parametric approach and the non-parametric approach. 
While the parametric approach focuses on the optimal 
functional form to fit the full data, the nonparametric 
approach focuses on an arbitrarily small neighbourhood 
sample around the cut-off. To make full use of our esti-
mating sample, and following Gelman and Imbens11 [61], 
our main specification considers a linear polynomial of 
the running variable. However, we examine the robust-
ness of our results to higher order polynomials and non-
parametric estimations based on a local randomization 
approach [62]. All estimations control for a vector of 
covariates X

′

i,t including sociodemographic character-
istics (age, gender, employment, marital and immigrant 
status). We also control for several pre-diagnosed con-
ditions, including hypertension, dyslipidaemia, asthma, 
neoplasms/cancers, and COPD as well as time elapsed 
from the diagnosis. Additionally, our econometric speci-
fications include time-, health area- and GP fixed-effects 
(FE). This allows controlling for any systematic (time-
invariant) differences across physicians that might affect 
the diagnoses of T2DM and major depression.

The second stage equation can be written as:

Yi,t+1 denotes the outcome of interest and measures 
whether individual i is diagnosed with clinical depression 
at time t + 1 , that is after the T2DM diagnosis, condi-
tional on not having been diagnosed at time t. As above, 
it is assumed a linear function (although other polyno-

mials are further examined) of the normalised running 
variable, and this is allowed to vary around the cut-off. 
X

′

it
 is the same vector of covariates discussed above. 

Finally, εi,t is a random error term. We cluster standard 
errors on the running variable based on the recommen-
dation of Lee and Card [63].12 The main term of interest 
is β as it measures the change in the probability of being 
diagnosed with depression following a T2DM diagno-
sis. This coefficient captures the local average treatment 
effect (LATE) of a diabetes diagnosis among the group of 

(2)Yi,t+1 = � + �Di,t + �
(

HbA1ci,t − 6.5
)

+ X
′

i,t
� + �i,t

Table 1 Summary statistics

The Table reports summary statistics of the main variables of interest

Mean S.D Min Max Obs

Outcome Variable:
 Depression [0,1] 0.18 0.38 0 1 39,688

T2DM Variables:
 T2DM Diagnosis [0,1] 0.67 0.47 0 1 39,688

 Onset of T2DM 3.13 3.72 0 39 34,741

 HbA1C (%) 6.60 1.43 0 20 39,994

Demographics:
 Years of Age 65.10 12.62 16 106 39,688

 Female [0,1] 0.52 0.50 0 1 39,688

 Not Living Alone [0,1] 0.87 0.33 0 1 39,688

 Active [0,1] 0.27 0.44 0 1 39,594

 Immigrant [0,1 l 0.02 0.13 0 1 39,688

Other Conditions:
 Hypertension [0,1] 0.59 0.49 0 1 39,688

 Dyslipedimia [0,1] 0.53 0.50 0 1 39,688

 Asthma 0.04 0.21 0 1 39,688

 Neoplasms‑cancer [0,1] 0.07 0.25 0 1 39,688

 COPD 0.05 0.23 0 1 39,688

 Observations 39,994

9 In this analysis, once individuals are diagnosed with type-2 diabetes, 
they are also considered diabetics in the subsequent waves. This appears to 
be a realistic assumption in this case as T2DM is a chronic condition and 
individuals might eventually achieve what is now defined as “remission” 
only after drastic lifestyle changes (also note that there still appears to be a 
debate around the actual definition of a T2DM remission [59].
10 In practice, we allow the function form to vary on either side of the cut-
off by including an interaction term between the binary variable Aboveit and 
the normalised running variable.

11 In a recent paper Gelman and Imbens [61] advice against the use of poly-
nomial orders higher than 2, given their poor properties (they appear to be 
more sensitive to outcome values of far distant observations from the cut-
off point and yield inaccurate confidence intervals). Accordingly we use a 
simple linear parametric approach as our baseline estimates. However, we 
also present estimates based on polynomials 2–4 as a robustness check.
12 We also produced heteroskedasticity-robust standard errors according to 
Kolesár and Rothe [64] as these are often recommended when the number 
of support points around the cut-off is sufficiently large and are based on a 
smaller bandwidth. Results are similar and available upon request.
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compliers around the cut-off [65]. To make full use of the 
sample size, we estimate Eqs.  (1) and (2) parametrically. 
However, we further explore the robustness of our results 
using the non-parametric approach mentioned above as 
part of our sensitivity analysis.

RDD validity
In order to test whether the average outcome of those just 
below the cut-off can be used as the counterfactual for 
those above the cut-off, we provide two indirect tests sug-
gesting the overall credibility of our RDD application [66].

First, we examine whether there are any significant dif-
ferences in pre-determined characteristics at the cut-off 
point. Ideally, we should find null effects of the diagnosis 
on these characteristics. The results of this exercise are 
presented in Fig. 1. Each graph presents the local polyno-
mial smoothing (LPS) for pre-diagnosis major depression 
and covariates as a function of the HbA1c. This confirms 
the validity of our design by revealing non-significant 
jumps at the cut-off for any of these variables.

Second, for the RDD to be valid it is also critical that 
individuals would not be capable of manipulating their 
diabetes diagnosis [67]. In our case, it seems highly 
unlikely that patients could manipulate their HbA1c 
scores, as this measure is based on a blood test adminis-
tered by physicians and refers to the average glucose con-
centration over the previous 8–12 weeks. Yet, in order to 
rule this out, in Fig. 2 we show the distribution of the den-
sity function of the normalised HbA1c around the cut-off, 
suggesting the absence of any discontinuity, as expected.13

Results
Main results
Figure 3a-b examine the impact of having a HbA1c level 
above 6.5 percent. Specifically, Fig.  3a shows a sizeable 
discontinuity in the probability of being diagnosed with 
T2DM around the HbA1c cut-off as for our first stage. 
Similarly, the plot in Fig.  3b implies that patients with 
normalised HbA1c just above the cut-off are more likely 
to be diagnosed with depression than their counterparts. 
We next test the relevance of these findings in a regres-
sion framework while controlling for potential confound-
ing factors.

Table  2 reports the RDD estimates of a T2DM diag-
nosis, as outlined in Eq.  (1). Specifically, column (1) 
includes the basic estimates with no covariates; column 
(2) adds a set of socioeconomic characteristics; col-
umn (3) further accounts for dummies indicating the 

presence of pre-existing medical conditions; column (4) 
includes time and area FE; and column (5) finally adds 
GP FE. Estimates appear statistically significant across 
all specifications, although as expected, the inclusion of 
pre-existing conditions appear to recude the size of the 
effects. According to the most comprehensive specifica-
tion in column (5), the estimated coefficient implies that 
patients with an HbA1c above the 6.5 percent cut-off are 
around 9 percentage points more likely to be diagnosed 
with T2DM than their counterparts.

Table 3 reports fuzzy RDD estimates of a T2DM diag-
nosis of being diagnosed with major or clinical depres-
sion. Similarly to Table  2, in columns (1)-(5) we report 
findings of different specifications including an incre-
mental number of covariates. Here, we observe positive 
and statistically significant effect of a T2DM diagnosis on 
clinical depression. In particular, according to our pre-
ferred model (column 5), receiving a T2DM diagnosis 
raises by 1.6 percent the probability of being diagnosed 
with depression.

Heterogeneity and potential mechanisms
Table  4 presents the results of the heterogeneity analy-
sis splitting the data by gender aimed at discerning some 
potential mediating mechanisms. Panel A shows results 
for the full sample, whereas Panels B to H present the 
impacts induced by the T2DM diagnosis  stratifying the 
sample by whether individuals lose weight following the 
diagnosis, as this is often one of the main lifestyle changes 
recommended by physicians according to the recent lit-
erature [6, 8, 69], by BMI categories (“healthy weight”: 
18 <  = BMI < 25; “overweight”: 25 <  = BMI < 30; “obesity”: 
BMI >  = 30) and also by age (> 60 years and <  = 60 years-
old). Columns (1)-(3) report RDD estimates for both gen-
ders, and for males and females, respectively.

The estimates in Panel A clearly suggest a gender pat-
tern so that the increase in the probability of develop-
ing clinical depression appears to be driven by women: 
women present an increase of around 3.2 percentage 
points in the probability of being diagnosed with clini-
cal depression following a diabetes diagnosis, while the 
corresponding estimate for men is not statistically sig-
nificant. This appears to be in line with previous findings 
indicating that male patients with diabetes present higher 
levels of subjective well-being [70, 71].

We also explore whether losing weight after a T2DM 
diagnosis might also play a role in explaining the effects 
on clinical depression. Panels B and C in Table  4 pre-
sent results for individuals who did versus who did not 
lose weight, respectively. Importantly, size and statistical 
significance of these estimates suggest that the observed 
increase in depression is mostly concentrated among 
female patients who did not lose weight following a 

13 We also estimated the McCrary test obtaining an estimated log discon-
tinuity in the density of ̂θ  = – 0.071 (s.e. 0.0157), failing to reject the null 
hypothesis of no discontinuity. Similarly, following Cattaneo et  al. [68] we 
obtained a manipulation test score of T =—0.4614 (p-value of 0.6445), also 
suggesting no evidence of systematic manipulation of the running variable.
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diabetes diagnosis (5.8 percentage points). Yet, men who 
lost weight after the T2DM diagnosis, are less likely to be 
diagnosed with major depression (8.3 percentage points). 
Overall, this appears to suggest the presence of a poten-
tially relevant “protective” effect with respect to the prob-
ability of being diagnosed with clinical depression but 
only among male individuals.14

Panels D to F further investigate whether the impact of 
a T2DM diagnosis on depression might vary by BMI lev-
els. Our estimates show that the increase in depression 
following a T2DM diagnosis appears to be mainly driven 
by women in the highest BMI category (4.1 percentage 

points). Finally, Panels G and H present estimates by 
two broad age groups (younger and older than 60 years-
old) to explore whether age may affect the relationship 
between a T2DM diagnosis and mental health. Here our 
findings indicate that the positive and statistically signifi-
cant impact of a T2DM diagnosis on clinical depression 
is stronger among the relatively younger age group and 
also appears to be driven by women. More specifically, 
women younger than 60  years-old present an increase 
of 5.5 percentage points in the probability of being diag-
nosed with clinical depression, while this is lower (2.5 
percentage points) among older women.15

Fig. 1 Continuity Test

14 Due to the lack of observations and corresponding limited sample, we 
could not explore whether the impact of a T2DM on depression might vary 
by smoking or drinking cessation.

15 We find similar results when considering 65 years-old (these are available 
upon request).
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Sensitivity analysis
In order to check the robustness of our main results, we 
also present a series of sensitivity tests. Table S4 shows 
RDD estimates based on a placebo test consisting of 
alternative cut-off values of the biomarker. This test 
should not produce a statistically significant effect for our 
outcome of interest (clinical depression) at values below 
the 6.5 percent of the biomarker. Indeed, our placebo test 
using 5.5, 5 and 4.5 percent cut-off values confirm that 
the impact on major depression is not statistically differ-
ent from zero. At the 6 percent value of the biomarker we 
find statistically significant effects, although smaller in 
magnitude. Yet, this is expected as prediabetic patients 

(HbA1c ranging from 5.7–6.4 percent) are normally rec-
ommended similar non-pharmacological treatments 
(dietary changes and regular exercise) [53]. At the 7 per-
cent theshold we find slightly larger effects of a T2DM 
diagnosis on mental health, and this is also in line with 
the lifestyle changes recommended by doctors to patients 
with uncontrolled diabetes.

Table S5 further shows the robustness of our results by 
estimating the fuzzy RDD parametrically by means of dif-
ferent polynomial orders. Importantly, the corresponding 
estimates obtained are qualitatively similar.

Finally, Table S6 reports RDD estimates produced using 
a non-parametric local randomization approach focusing 

Fig. 2 Density of the Running variable. Note: The Figure shows evidence of no manipulation of the running variable. Bin size = 0.1. The bin size has 
been selected by means of the McCrary test Stata routine, i.e. DCdensity

Fig. 3 RD Graphical Evidence. Note: A shows local polynomial estimates of the probability of being diagnosed with T2DM as a function of the 
(normalised) HbA1c, our rst stage. Similarly, b shows local polynomial estimates of the probability of being diagnosed with depression as a function 
of the (normalised) HbA1c
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Table 2 RDD estimates of a T2DM diagnosis

The Table reports RDD estimates of a T2DM diagnosis. Although not shown in the Table, estimates are conditional on time, area, and GP fixed effects. Robust standard 
errors are clustered on the running variable. * p < 0.05, ** p < 0.01, *** p < 0.001

(1) (2) (3) (4) (5)

Above [0,1] 0.196*** (0.032) 0.193*** (0.031) 0.110*** (0.025) 0.094*** (0.025) 0.088*** (0.025)

Above * Normalised HbA1c ‑0.236*** (0.025) ‑0.213*** (0.024) ‑0.162*** (0.017) ‑0.190*** (0.019) ‑0.187*** (0.019)

Running Variable:
 Normalised HbA1c 0.247*** (0.025) 0.231*** (0.024) 0.163*** (0.017) 0.188*** (0.019) 0.185*** (0.018)

Attributes:
 Years of Age 0.001* (0.000) ‑0.004*** (0.000) ‑0.001*** (0.000) ‑0.001*** (0.000)

 Female [0,1] ‑0.024*** (0.005) ‑0.043*** (0.005) ‑0.044*** (0.004) ‑0.044*** (0.004)

 Not Living Alone [0,1] 0.004 (0.005) ‑0.021*** (0.005) ‑0.016** (0.005) ‑0.018*** (0.005)

 Active [0,1] ‑0.106*** (0.009) ‑0.075*** (0.007) ‑0.011* (0.005) ‑0.012* (0.005)

 Immigrant [0,1 l ‑0.148*** (0.020) ‑0.067*** (0.018) ‑0.029 (0.015) ‑0.041** (0.015)

 Onset of T2DM 0.066*** (0.006) 0.075*** (0.005) 0.075*** (0.005)

Pre-existing Conditions:
 Hypertension [0,1] 0.084*** (0.005) 0.056*** (0.004) 0.054*** (0.004)

 Dyslipedimia [0,1] 0.054*** (0.003) 0.037*** (0.004) 0.038*** (0.004)

 Asthma 0.004 (0.007) 0.008 (0.007) 0.011 (0.007)

 Neoplasies‑cancer 0.020** (0.007) 0.019** (0.006) 0.017** (0.006)

 COPD ‑0.005 (0.007) ‑0.016** (0.006) ‑0.019** (0.007)

Time FE ✓ ✓
Area FE ✓ ✓
GP FE ✓
Observations 39,688 39,594 34,359 34,356 34,319

Table 3 Fuzzy RDD estimates of the impact of a T2DM diagnosis on depression

The Table reports RDD estimates of the impact of a T2DM diagnosis on depression. Although not shown in the Table, estimates are conditional on a set of covariates, 
time, areas and GP fixed effects. Robust standard errors are clustered on the running variable. * p < 0.05, ** p < 0.01, *** p < 0.001

(1) (2) (3) (4) (5)

T2DM Diagnosis [0,1] 0.006* (0.003) 0.011 (0.006) 0.011 (0.006) 0.016** (0.005) 0.016** (0.005)

Running Variable:
 Normalised HbA1c 0.000 (0.001) 0.001 (0.001) 0.001 (0.001) 0.000 (0.001) 0.000 (0.001)

Attributes:
 Years of Age ‑0.000 (0.000) ‑0.000 (0.000) 0.000 (0.000) 0.000 (0.000)

 Female [0,1] 0.006*** (0.001) 0.006*** (0.001) 0.006*** (0.001) 0.006*** (0.001)

 Not Living Alone [0,1] 0.002 (0.002) 0.002 (0.002) 0.002 (0.002) 0.002 (0.002)

 Active [0,1] ‑0.004* (0.002) ‑0.004* (0.002) ‑0.001 (0.002) ‑0.002 (0.002)

 Immigrant [0,1 l ‑0.006** (0.002) ‑0.006** (0.002) ‑0.004 (0.002) ‑0.004 (0.002)

 Onset of T2DM ‑0.001** (0.000) ‑0.001** (0.000) ‑0.001** (0.000) ‑0.001** (0.000)

Pre-existing Conditions:
 Hypertension [0,1] ‑0.000 (0.001) ‑0.002 (0.001) ‑0.002 (0.001)

 Dyslipedimia [0,1] ‑0.001 (0.001) ‑0.002 (0.001) ‑0.002 (0.001)

 Asthma ‑0.001 (0.003) ‑0.001 (0.003) ‑0.001 (0.003)

 Neoplasies‑cancer ‑0.003 (0.002) ‑0.003 (0.002) ‑0.004* (0.002)

 COPD 0.000 (0.002) 0.001 (0.002) 0.001 (0.002)

Time FE ✓ ✓
Area FE ✓ ✓
GP FE ✓
Observations 39,688 34,359 34,359 34,356 34,319
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on observations within a small neighbourhood around 
the cut-off [62]. Columns (2)-(6) show non-parametric 
RDD estimates based on different choices of bandwidth, 
around the threshold of 6.5 percent. Results confirm that 
all findings are consistent, similar in magnitude to our 
baseline estimates, and still statistically significant.

Discussion and conclusions
We contribute to the literature by identifying the causal 
impact of health information on mental health via the 
effect of a type-2 diabetes diagnosis on clinical depres-
sion. We exploit the exogenous cut-off value in the diag-
nosis of type-2 diabetes provided by a well-established 
biomarker (glycated haemoglobin) and information on 
diagnosed clinical depression drawn from rich adminis-
trative longitudinal data from Spain by employing a fuzzy 
regression discontinuity design. In addition, we explore 
heterogeneity in the effects on mental health by gen-
der, age, bodyweight as well as the role played by weight 
losses as a potential mechanism leading to changes in the 
probability of developing clinical depression, following a 
diabetes diagnosis.

Our results suggest a statically significant impact of 
health information on diagnosed clinical depression. 
However, this appears to be driven by gender as well 
as weight losses eventually occurring after the diabe-
tes diagnosis. More specifically, the overall increase 
in the risk of developing clinical depression following 
a diabetes diagnosis appears to be mostly influenced 
by women. Moreover, the occurrence of weight losses 
could be one of the possible mechanisms govern-
ing the relationship between a diabetes diagnosis and 
depression. Here differences by gender are also present: 
whereas a diabetes diagnosis increases the probability 
of depression among women who did not lose weight, 
it substantially decreases the risk of clinical depression 
among men who lost weight. Interestingly, this may 
suggest a somewhat protective effect of health informa-
tion via weight losses for male patients with diabetes. In 
addition, increases in depression appear to be mainly 
driven by women in the highest category of BMI (> = 30, 
corresponding to obesity) and are also larger among rel-
atively younger women as well.

In general, the finding that individuals with healthier 
behavioural patterns present lower levels of mental dis-
orders is also supported by the medical literature [10–
16]. As for the different effects by gender, these could be 
explained on several grounds. For instance, the literature 
suggests that women might have a higher propensity 
to clinical depression driven by biological factors [71]. 
Second, evidence also suggests that depression tend to 
be underdiagnosed among men [71]. Third, the mental 
health of individuals, especially that of women, with a 

Table 4 Fuzzy RDD estimates of the impact of a T2DM diagnosis 
on depression—heterogeneity analysis

The Table reports RDD estimates of the impact of a T2DM diagnosis on 
depression. Although not shown in the Table, estimates are conditional on a 
set of covariates, time, areas and GP fixed effects. Robust standard errors are 
clustered on the running variable. * p < 0.05, ** p < 0.01, *** p < 0.001

(1) (2) (3)
All Men Women

Panel A: Full-Sample:
T2DM Diagnosis 
[0,1]

0.016** (0.005) ‑0.001 (0.006) 0.032*** (0.008)

 Observations 34,319 16,483 17,836

 Proportion of 
Treated

0.67 0.69 0.66

Panel B: Weight Loss:
T2DM Diagnosis 
[0,1]

‑0.032 (0.022) ‑0.083* (0.037) 0.001 (0.025)

 Observations 6990 3111 3879

 Proportion of 
Treated

0.84 0.85 0.83

Panel C: No Weight Loss:
T2DM Diagnosis 
[0,1]

0.032* (0.015) 0.015 (0.016) 0.058* (0.025)

 Observations 6862 3242 3620

 Proportion of 
Treated

0.84 0.85 0.83

Panel D: Healthy Weight:
T2DM Diagnosis 
[0,1]

‑0.002 (0.014) ‑0.010 (0.013) 0.018 (0.026)

 Observations 2690 1347 1343

 Proportion of 
Treated

0.69 0.74 0.64

Panel E: Overweight:
T2DM Diagnosis 
[0,1]

0.006 (0.008) ‑0.002 (0.011) 0.014 (0.016)

 Observations 10,053 5619 4434

 Proportion of 
Treated

0.73 0.74 0.72

Panel F: Obese:
T2DM Diagnosis 
[0,1]

0.024*** (0.007) 0.003 (0.008) 0.041*** (0.010)

 Observations 21,539 9502 12,037

 Proportion of 
Treated

0.65 0.66 0.64

Panel G: Age ≥ 60:
T2DM Diagnosis 
[0,1]

0.013* (0.006) ‑0.003 (0.008) 0.025** (0.008)

 Observations 23,161 10,612 12,549

 Proportion of 
Treated

0.72 0.73 0.71

Panel H: Age < 60:
T2DM Diagnosis 
[0,1]

0.027** (0.009) 0.003 (0.011) 0.055*** (0.015)

 Observations 11,158 5871 5287

 Proportion of 
Treated

0.57 0.62 0.51
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high baseline weight may not be significantly affected by 
weight losses [72]. This might be the case in our data as 
well, where women present higher rates of obesity as well 
as a higher average baseline (i.e. before a diabetes diag-
nosis) BMI if compared to male patients (30.9 vs 29.35, 
respectively, with the difference being statistically signifi-
cant as suggested by a pairwise t-test). However, further 
evidence might be needed to firmly establish the reasons 
behind heterogeneity in the effects by gender.

Importantly, our results differ from the ones of Gaggero 
[7], to the best of our knowledge the only paper provid-
ing causal evidence on diabetes and mental health, who 
finds no effects on self-reported mental health in a sam-
ple of older individuals. The divergence in results might 
be due to differences in reliability and precision of key 
variables including our running variable (glycated hae-
moglobin coupled with a physician’s diagnosis vs Fast-
ing Plasma Glucose) and outcome variable (diagnosed 
vs self-reported depression) together with differences in 
the data employed (as our dataset includes health care 
records based on actual health care use of a large popula-
tion of individuals followed over 10 years).

Our results might suggest two possible policy impli-
cations. A first recomendation might be that individu-
als at risk of diabetes should be closely monitored not 
just to avoid the expected physical health complications 
associated with T2DM, but also to prevent the onset 
of other relevant and costly mental health conditions 
such as clinical depression. In addition, our findings 
seem to suggest that monitoring should be specifically 
targeted at women, especially those who did not lose 
weight following a diagnosis and those who are obese. 
This may also imply that interventions aimed at reduc-
ing psycholigical distress among severely overweight 
women also include the promotion of healthy behav-
iours, including following an exercise regimen and a 
low-carbohydrate diet to decrease bodyweight and this 
could also help control T2DM. Ultimately, this could 
be linked to the larger debate around the relevance 
of changes in health behaviours in influencing men-
tal health, showing that healthier habits such as regu-
lar physical activity, healthy eating and adequate sleep 
can result into improved mental health for people with 
other chronic conditions beyond T2DM [73–76]. As 
usual, this study may have some potential limitations. 
First, as our dataset does not include comprehensive 
information on the medications prescribed by physi-
cians, we might not be able to account for those phar-
maceuticals potentially affecting mental health. Second, 
the administrative records used here only includes a 
relatively limited number of variables proxying socio-
economic status. While this might not necessarily be a 
major issue given that the Spanish health care system 

is universal and free at the point of delivery, we might 
not be able to identify potentially informative socio-
economic gradients. Despite such limitations, our 
study provides novel empirical evidence on the causal 
impact of health information on mental health, shed-
ding light on gender-based differences in such effects 
and potential mechanisms through changes in lifestyle 
behaviours.

Abbreviation
ADA  American Diabetes Association
COPD  Chronic obstructive pulmonary disease
EU  European Union
FPG  Fasting Plasma Glucose
GADS  Golberg Anxiety and Depression Scale
GP  General practitioner
HRSD  Hamilton Rating Scale for Depression
HbA1c  Glycated hemoglobin
ICPC  International Classification of Primary Care
IEC  International Expert Committee
RDD  Regression discontinuity design
T2DM  Type 2 diabetes mellitus
2SLS  Two‑stage least squares
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