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ABSTRACT – Background and Objectives: According to a number of psychiatrists, the de-
crease in the number of suicides can almost exclusively be ascribed to the increasing use
of new antidepressants (ADs). Several ecological studies have been carried out to lend sup-
port to this claim; unfortunately, many of these started out from either methodologically or
statistically flawed assumptions. The purpose of the current study is to demonstrate the ex-
amined relationships using complex time-series techniques on Hungarian national sample.

Methods: When investigating the relationships between our time series, first we ensured
their stationarity using several methods. We used two methods for the analysis involving sev-
eral independent variables.

Results: When using dynamic regression to ensure stationarity, the residuals of the sui-
cide and AD time series showed a significant negative correlation. At the same time, when
using the more robust technique of time series differentiation, the stationary time series
showed no significant relationship between the use of antidepressants and suicide rates.

Conclusions: The models fitting our data showed somewhat mixed results. The vague-
ness of ecological models is well demonstrated by the fact that even those sociological vari-
ables (number of divorces, alcohol consumption) failed to show a significant relationship
with suicides here, which are usually significant in analyses using micro data.
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Introduction

In the middle of the 1980s, the number of
suicides started to decrease in most countries
of Europe, and so did the number of deaths
caused by several harmful phenomena (such as
fatal accidents, smoking, alcoholism) and sev-
eral illnesses (cardio- and cerebral-vascular).
The economic boom and the resulting im-
provement in the overall quality of healthcare
are probably not negligible factors in this1.

According to a number of psychiatrists,
the decrease in the number of suicides can al-
most exclusively be explained by the increase
in the sales (and usage) of new antidepres-
sants (AD). Researchers investigating the
topic have attempted to find support for this
relationship using ecological studies. The re-
sults of ecological studies project a mixed
picture; although at the moment studies sug-
gesting a relationship between the increasing
use of antidepressants and the decrease in
the number of suicides on the level of the
whole population are in majority2, but there
are also a number of counterexamples3.

Several pieces of criticism can be raised
against ecological studies both on theoretical
and methodological grounds. On the one
hand, it is clear that ecological analyses can
only detect relationships between two phe-
nomena, but they cannot establish causality;
methodologies applying controlled experi-
mental designs would be needed for that4.
Obviously, this dilemma is valid for all con-
clusions that are not based on an experimen-
tal setup. On the other hand, there is a possi-
bility that because of the use of aggregate
data, we fall victim to false ecological con-
clusions5. This practically means that the re-
lationship between certain variables can even
be opposite in direction at the individual and
aggregate levels, as shown by several exam-
ples in the literature. The possibility of eco-

logical fallacy fundamentally reduces the va-
lidity of the conclusions that can be drawn
based on these models6,7.

Besides these important theoretical dilem-
mas, the ecological models based on time se-
ries reflecting changes in suicide rates strug-
gle with further methodological problems. We
would like to highlight two of these which
have not attracted much attention either in the
Hungarian or in the international literature.

A survey of the literature sheds light on the
fact that a vast majority of studies disregard
that time series observations are usually sta-
tistically not independent of one another in
time, which often leads to the use of inap-
propriate statistical tools. In the case of time
series, showing the similarity of curves is not
enough, just like simple correlational or linear
regression models are also inadequate in
themselves because the widely used standard
models of these methods require the inde-
pendence of observations. The assumption of
independence is violated in this case because
values of the given period depend on those of
the previous period (or even on those of other
preceding periods). In time series analysis,
this is called the problem of autoregressivity.
A given time series can be affected by several
components, such as trend, seasonal or cycli-
cal components, which can be interpreted in
time. [Moreover, analysing autoregression
and/or moving average processes (ARIMA) is
also quite common in the case of time series.]
Models of causal relationships between time
series often assume the stationarity of time se-
ries. Time series containing trend-cycle and/or
periodic components cannot be considered
stationary. Besides non-stationarity, autore-
gressivity can also be held responsible for
the fact that standard correlational and simi-
lar statistical methods can easily lead to erro-
neous results8-11.



The statistical rigour applied in this study
is deliberate; faulty model specifications are
quite frequent even in articles that are often
cited in the literature.

In their frequently cited study, Ludwig,
Marcotte and Norberg12 employ an impres-
sive battery of statistical tools to support the
relationship between data on suicide and an-
tidepressant use. The R2 fit indices that are
over 95% percent in their study seem to sug-
gest, however, that the models they applied
are probably considerably overfitted (al-
though we cannot be certain of this, as, in de-
fiance of academic standards of publication,
they fail to provide the degrees of freedom of
their models). These extremely high R2 in-
dices are outstanding even in the case of eco-
logical models. But they fail to report the
degree of freedom of the models, similarly to
the extent of multicollinearity between the
variables. Entering the time “variable” into
the model helps with stationarity (although it
does not solve it completely), but based on
data trends, it also introduces a large degree
of multicollinearity into the models, which
leads to the overestimation of standard errors,
and thus, a misjudgement of significance.

Among more recent studies, the paper of
Gusmao and colleagues13 received consider-
able attention. At the beginning of their paper,
they analyse the raw relationships between sui-
cide time series and antidepressant use with the
help of correlational methods; problems in-
volved in this have already been pointed out
above. They use more complex models in the
second part of their paper, which at first sight
seem to result in convincing findings concern-
ing the use of antidepressants. Nevertheless, the
authors themselves admit that they had to leave
the time component out of the analysis, as it an-
nulled all other relationships including the ef-
fect of ADs that they intended to support.
Moreover, they fail to report measures of fit for
all models; therefore, it does not come to light

whether it is multicollinearity caused by a pre-
sumably very strong positive correlation be-
tween GDP and antidepressant use that can be
held responsible for problems of fit.

Statistical dilemmas discussed so far basi-
cally derived from problems of stationarity,
but we neglected another important issue, the
length of time series. On the one hand, in the
case of any two time series with determinis-
tic trends, the size of correlation between
them is basically determined by the length of
the time series exclusively. If we have two
time series with the same monotony (increa -
sing-increasing or decreasing-decreasing),
then the threshold limit of the correlation be-
tween the two time series approaches +1 with
the increase in time. The length of time series,
that is the number of cases, does not only de-
crease the standard error of measurement, but
the validity of the estimate also weakens. In
these cases, our statistical estimates are bi-
ased, and therefore, not valid. This problem
can be handled by making our time series
stationary. The issue of the shortness of time
series is rarely raised in the literature although
it is also a quite common phenomenon. In the
case of time series analysis, a certain number
of cases are required for drawing reliable con-
clusions. There are no strict rules about this,
but the limit is usually set at 30 observations,
which can also be a much greater number if
we would also like to fit seasonal compo-
nents in the model. In the case of short peri-
ods, further analyses are required in order to
arrive at reliable results.

Methods and data

In the introductory section, we presented a
quite detailed overview of the theoretical and
statistical problems posed by ecological mod-
els. Although we cannot provide satisfactory
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solutions for issues of causality and ecolog-
ical misinterpretation, the independence of
time series can be assured using complex
models. We are going to present such com-
plex statistical analyses in the following sec-
tions using Hungarian data.

In our analysis, we investigated the rela-
tionships between the suicide rate (number of
suicides per 100 thousand residents) (Hun-
garian Statistical Office database) and the sales
of antidepressants (NO6AA§, NO6AB§§,
NO6AG§§§, NO6AX§§§§ in pharmacies and
hospitals in total, in the format suggested by
WHO, i.e. DDD/1000 residents/day) between
1982 and 2011 at the national level (OEP and
IMS database)§§§§§. We included several back-
ground variables in our analysis, such as the
GDP (in comparison to the base year of 1960),
the number of divorces per 1000 residents, the
number unemployed per 100 residents, and
the absolute alcohol consumption per capita.
The source of these variables was the data-
base of the Hungarian Central Statistical Of-
fice; however, figures of unemployment were
only available for the period after 1998. All the
raw data were presented in the Appendix table
A1. Official, ethical approval was not requested
in view of the nature of this study.

The statistical program package R14 was
used for data analysis; besides the basic pack-
ages, commands of the tseries15, the MSB-
VAR16 and the forecast17 packages have been
used.

The stationarity of the examined
time series

As we have argued above, a precondition of
using most analytical tools (e.g. correlations)
in the case of time series analysis is that both
time series should be stationary. Therefore,
before applying correlational analyses, it has
to be established whether the assumption of
stationarity is satisfied. We examined this using
both graphic and statistical tests. Figure 1 pre-
sents the autocorrelation function plots (from
now on referred to as ACF) of suicide rates
and AD consumption time series. The ACF
shows the correlations between the time series
at various time lags for the given time series.

On the left hand side of Figure 1, the ACF
plot of the suicide time series, while on the
right hand side of Figure 1, the ACF plot of
the AD consumption time series can be seen.
It is quite obvious in the case of both plots
that correlation with time lag 1 is very high,
which means that the value for the given year
is greatly determined by value of the previous
year. These figures already suggest that these
time series are non-stationary although sta-
tistical tests are also needed to ascertain this.
In our analysis, we used two well-known and
acknowledged statistical tests18 for these pur-
poses. The Augmented Dickey-Fuller test
(ADF) is one of the most frequently used
methods for establishing stationarity19. The
basis of the test is the following regression
model, y′t = Φyt–1 + β1 y′t–1 + β2 y′t–2 + ... +
βk y′t–k, where y′t = yt – yt–1 is the first differen -
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§ Non-selective monoamine reuptake inhibitors.
§§ Selective serotonin reuptake inhibitors.

§§§ Monoamine oxidase A inhibitors.
§§§§ Other antidepressants like Oxitriptan, Tryptophan, Mianserin etc.

§§§§§ As this is an ecological study we haven’t used any micro data, only aggregated data on yearly bases. In this
form the anonymity of cases are granted by the research design. For the analysing of this data structure no ap-
proval of the Institutional Review Board is needed.



tial of the time series, and k is the number of
differentials. If the original time series has to
be differentiated in order to make it station-
ary, then phi has to be less than 0. The null
hypothesis of the ADF test is that the given
time series is non-stationary.

The other procedure is the KPSS (Kwiat -
kowski-Phillips-Schmidt-Shin) test20. The null
hypothesis here is the opposite of the above,
that is, the time series is supposed to be statio -
nary. Results of these tests for the variables in-
vestigated are presented in Table 1.
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Figure 1. Trends and ACF plots of suicide rates and AD consumption.

Table 1
Results of the ADF and KPSS tests

ADF test KPSS test

Parameter Sig. Parameter Sig.

Suicide -1.69 0.69 1.53 0.01

AD -2.07 0.54 1.49 0.01

GDP -1.69 0.69 1.04 0.01

Divorce -1.74 0.66 0.39 0.08

Unemployment (1998-2010) -1.60 0.72 1.07 0.01

Absolute alcohol consumption per capita -2.15 0.51 0.60 0.02



ADF tests recommend that if p > 0.05 then
the null hypothesis should be kept, which
means that the time series are non-stationary.
This is also confirmed by the results of the
KPSS tests (where p < 0.05 means that the
time series are non-stationary). (The only ex-
ception here is the time series of the di-
vorces.) The results of the tests clearly show
that as a first step of the analysis, the time se-
ries need to be made stationary before any
further calculations can be carried out.

First method

There are several methods of making a
time series stationary. Time series with any
identifiable trends are definitely non-station-
ary. Therefore, by “removing” the trend from
the time series, the probability of stationarity
increases. “Filtering” the trend, however, is

not necessarily sufficient to make the time se-
ries stationary; the residual might still be au-
tocorrelated. In case the residual is autocor-
related, it might be worth examining whether
autoregressive or moving average processes
(ARIMA) can be identified in the time series.
There is an established procedure for the
joint modelling of trend and ARIMA pro -
cesses; it is called dynamic regression9. The
procedure involves including all our vari-
ables in a dynamic regression model, which
contains one trend parameter and if necessary
the ARIMA process to ensure that the resid-
ual is not autocorrelated. In practice, the cor-
relation analysis of the regression residuals
comprises the first method of investigation.

Table 2 summarises the regression coeffi-
cients of the trends for each variable, and
whenever it was required the type of ARIMA
process identified.
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Table 2
Parameter values of the dynamic regression models

AR1* AR2* AR3* Intercept** Trend***

GDP 1.34 0.46 – 267.2 3.7

Divorce 0.62 – – 2.59 -0.008

Unemployment (1998-2010) 1.26 -0.66 – 2.23 0.12

Suicide 0.60 – – 46.45 -0.80

AD 1.15 0.20 0.99 0 0.7721

Absolute alcohol consumption per capita 0.71 – – 11.46 -0.05

* In dynamic regression, AR terms signal the B values of the autoregressive components. AR1 signals a first
order autoregressive process, AR2 signals second order while AR3 signals third order. If the given cell is
empty, it means that the AR process was not statistically significant.

** Intercept value of the regression model.

*** Coefficient value of the trend component.

After fitting the above regression models,
the residuals were stationary; therefore, it
was possible to search for relationships be-
tween them using correlations and other tech-
niques. Results of Table 2 indicate that no
moving average processes are identifiable in

the case of any of the variables; however,
AR processes can be found in each case. In
the case of antidepressant use this involves
AR1, AR2 and AR3, which suggests that in
statistical models, it is not necessarily enough
to filter for the AR1 process only.



Second method

In the case of non-stationary time series,
the differentiation of time series is also a stan-
dard procedure. The first-order differential
shows the change in comparison with the t-1
time slot of the time series. In the case of sui-
cides, the first-order differential shows the
change in the yearly rate of suicides. The sec-
ond examination technique is the investigation
of the relationships between the differenti-
ated time series using correlations. The fol-
lowing table (Table 3) presents the basic dis-

tributions of our differentiated variables, and
it also shows the number of differentiations
that were necessary for reaching stationarity
(The first-order differential will not neces-
sarily be stationary; therefore, the execution of
further differentiations might be needed).

The second examination technique was
the investigation of the relationships between
the differentiated time series presented here,
using correlations. Since the time series have
become stationary as a result of differentia-
tion, there can be no statistical objection to
the use of correlations.
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Table 3
Number of differentials needed for stationarity, and the average and standard deviation of differentiated time
series

Average Standard deviation Number of differentials

GDP 3.34 12.14 1

Divorce -0.01 0.15 1

Unemployment (1998-2010) 0.18 0.33 2

Suicide -0.66 1.37 1

AD 0.78 0.97 1

Absolute alcohol consumption per capita -0.06 0.34 1

Results

Results of the first type
of investigation

The first analytical scheme involved cal-
culating the correlation coefficients between
the residuals of the dynamic regression. The
residuals of the suicide time series have been
correlated with the residuals of the AD, GDP,
unemployment, divorce and the absolute al-
cohol consumption time series (see Table 4).

There is negative correlation between the
residuals of AD and suicide time series at 5%
significance level, but the relationship is sta-
tistically not significant at 1% level. The

strength of the correlation is difficult to esti-
mate primarily because of the low number of
cases; it is within the -0.08 to -0.68 range at
95% confidence level. The relationships were
statistically not significant in the case of the
other four variables.

Besides pair-wise correlations, a regression
model has been fitted to the residuals of the
suicide time series. From the independent
variables, the number of unemployed was
not entered into the model, as there was no
data available for the whole of the time series.
As it could be expected on the basis of the
correlation tables, the data could not be fitted
into a significant regression model (p = 0.06).



Results of the second type
of investigation

The second method applied was the corre-
lational analysis of differentiated time series.
Using the differentials of the time series is a
more robust method than the dynamic regres-
sion presented in the first analytical scheme;
therefore, in this case the reliability of the re-
sults is higher. The next Table (Table 5) pre-
sents the relationships between the differen-
tiated suicide time series and the other
variables involved in the analysis.
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Table 4
Correlation between the residuals of the suicide time
series and the residuals of the other variables
investigated

R* Sig.

AD -0.42 0.02

GDP 0.14 0.45

Divorce 0.10 0.58

Unemployment 0.33 0.24

Absolute alcohol consumption
-0.20 0.26per capita

* R: Pearson correlation.

Table 5
The relationship between differentials of the time
series and other variables (correlation)

R* Sig.

AD (1)** -0.16 0.39

GDP (1) 0.02 0.90

Divorce (1) 0.10 0.60

Unemployment (2) 0.04 0.90

Absolute alcohol consumption
-0.18 0.34per capita (1)

* R: Pearson correlation.

** The number in parentheses indicates the order of
the differential needed to reach stationarity.

None of the five possible background vari-
ables examined by us showed a relationship
with the suicide time series. Therefore, the
correlation between AD and suicides identified
in the case of the residual time series was not
supported by the analysis of differentiated time
series. Fitting of a regression model was also
attempted for the differentiated time series, but
it was not possible here either (p = 0.65).

Granger-Cause

A third method was also applied for testing
the relationships. Although, as we stated be-
fore, in the case of ecological models estab-
lishing causal relationships is not possible,
there are certain statistical constellations
which might signal causal relationships; such
an important constellation is the Granger-
cause21. In the case of time series, X time se-
ries is regarded as the Granger-cause of Y
time series if the past values of X help in pre-
dicting Y. When attempting to identify the
Granger-cause in the case of stationary time
series, we attempt to fit such a regression
model in which past values of X, the value of
X, as well as past values of Y are used to es-
timate Y. The magnitude of the „lag” para-
meter heavily depends on the length of the
time series, and similarly to general regression
models, overfitting has to be avoided. Since
the length of our time series was only 30
years (and 29 for the differentiated time se-
ries), only the X and Y values of the t-1 time
slot were included in the regression model.

Results showed (see Tables 6 and 7) that
neither ADs nor the GDP is the Granger-
cause of the rate of suicides either based on
the residuals of dynamic regression or based
on differentiated time series. The model that
is closest to reaching statistical significance
in one where suicide is presented as a cause
and antidepressant consumption as a result. It
is important to note that based on the model,
no relationship can be established between
the GDP and AD consumption either.



Discussion

When analysing the Hungarian data, we
aimed to examine the relationship between
AD consumption (usage) and suicide rates,
emphasising that ecological analysis does
not establish causal relationships. Neverthe-
less, it is possible and rather important to ex-
amine the statistical co-occurrence of cer-
tain variables. When examining relationships
between time series, the stationarity of our
time series needs to be ensured as the first
step before the analysis of any possible rela-
tionships between them. We applied two
methods for this. On the one hand, based on
the dynamic regression procedure, trend and
ARIMA effects were partialled out of the
models. The thus calculated residuals of the
suicide and AD time series displayed a neg-
ative relationship at the national level.

We also attempted to make the time series
stationary by differentiation. The differenti-
ated time series calculated with the help of
this more robust method showed no relation-
ship between the use of antidepressants and
suicide rates at the national level. An impor-
tant aspect of our results is that those regres-
sion models where the relationship between
AD and suicide was investigated while con-
trolling for several variables at the same time

were statistically not significant. The latter re-
sults are further supported by the fact that the
rate of suicide was not Granger-caused by
the quantity of antidepressants sold.

These relationships were also investigated
at the level of counties using the methods pre-
sented in this paper, and no significant rela-
tionships were found in any of the cases. In
the case of county level time series, we only
had 10 years of data available; therefore, the
low statistical strength might have also been
caused by the shortness of time series.

We would like to emphasise that our results
do not mean that there is no relationship be-
tween AD and suicides, but they indicate that,
for the period between 1982 and 2011, it is
impossible to identify clear-cut relationships
between the variables examined. Therefore,
the strong negative statistical relationship sup-
ported by econometric models presented in
the literature should be treated with caution.
In contrast with that we have to take in mind
that our models haven’t included indicators
measuring the global improvement in the re-
sources of mental health care or changes in
the patterns of prescription of antidepressants.
In the other hand it is also an important find-
ing that based on the models presented in this
paper, there is no ecological relationship be-
tween suicide, the GDP, divorce, the number
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Table 6
Granger-cause models between the differentiated
time series (lag 1)

Cause Effect F test Sig

AD Suicide 0.53 0.46

GDP Suicide 1.36 0.25

GDP AD 1.66 0.20

Suicide AD 1.82 0.19

Suicide GDP 0.007 0.93

AD GDP 0.89 0.35

Table 7
Granger-cause models between the residuals of the
time series (lag 1)

Cause Effect F test Sig

AD Suicide 0.001 0.96

GDP Suicide 1.54 0.22

GDP AD 0.04 0.83

Suicide AD 3.96 0.06

Suicide GDP 0.03 0.85

AD GDP 0.10 0.75



of unemployed or alcohol consumption ei-
ther. The fact that background variables which
otherwise seem “to work” are not significant
in ecological models shows that results which
can be obtained from these models should be
treated with caution in general.
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Appendix

Table A1
Raw data of used variables

Absolute alcohol
GDP Divorce consumption Un-employment

Year Suicide rate (1960 = 100%) (1000 residents) per capita (100 residents)

1982 43.5195 289 2.67 11.6

1983 45.9424 291 2.75 11.4

1984 45.9313 299 2.7 11.7

1985 44.3716 298 2.77 11.6

1986 45.3127 302 2.8 11.5

1987 45.059 315 2.84 10.8

1988 41.3061 315 2.28 10.5

1989 41.5583 317 2.39 11.3

1990 39.8752 306 2.4 11.1

1991 38.5945 269 2.36 10.67

1992 38.7458 261 2.08 10.46

1993 35.8865 259 2.16 10.54

1994 35.3268 267 2.26 10.42

1995 32.9358 271 2.4 9.9

1996 33.7278 272 2.19 10.18

1997 31.6497 280 2.43 10.27

1998 32.1054 291 2.51 9.95 3.054

1999 33.0568 301 2.5 9.93 2.783

2000 32.611 313 2.35 10 2.579

2001 29.2415 325 2.39 11 2.295

2002 27.9861 340 2.51 11.1 2.347

2003 27.6518 353 2.47 11.1 2.411

2004 27.1293 370 2.44 11.1 2.5

2005 25.9838 385 2.46 11 3.01

2006 24.4356 400 2.47 11.2 3.144

2007 24.3641 400 2.5 10.7 3.099

2008 24.6758 404 2.5 10 3.277

2009 24.5544 376 2.37 9.8 4.194

2010 24.9199 380 2.38 9.2 4.741

2011 24.2564 386 2.34 9.7 4.686




