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Spurious regressions and
near-multicollinearity, with an
application to aid, policies and growth”
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Post print: Journal of Macroeconomics (2014), vol. 39A, pp. 85-96.

May 9, 2014

Abstract

In multiple regressions, explanatory variables with simple corre-
lation coefficients with the dependent variable below 0.1 in absolute
value (such as aid/gross domestic product (GDP) with GDP growth)
face a problem of parameter identification. They may have very large,
statistically significant, estimated parameters which are unfortunately
“outliers driven” and spurious. This is obtained by including another
regressor which is highly correlated with the initial regressor, such as
a lag, a square or interaction terms of this regressor. The analysis
is applied on the “Gambia and Botswana outliers driven” Burnside
and Dollar [2000] article which found that aid/GDP had an effect on
growth only for countries achieving “good” macroeconomic policies.
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- A classical suppressor has a zero simple correlation with a depen-
dent variable.

- Classical suppressors often lead to spurious inference in multiple
regressions.

- Highly correlated classical suppressors are very often statistically
significant.

- Parameter inflation factor, pre-tests, outliers signal those spuri-
ous regressions.

- Aid has a widely quoted but spurious effect on growth conditional
on good policy.

Keywords: Spurious regressions, Parameter identification problem,
Hypothesis testing, Unstable conditional independence, Near- multi-
collinearity, Growth and Foreign aid.

JEL classification: C12, 019, P45

Résumé: Une variable explicative ayant un coefficient de corréla-
tion simple avec la variable dépendante plus petit que 0,1 en valeur
absolue (telle que I'aide au développement et la croissance) peut avoir
des paramétres estimés trés grands et statistiquement significatifs dans
des régressions multiples, alors qu’il n’y a pas d’effet ou que cet effet
provient seulement de quelques observations atypiques. Ce résultat
peut étre obtenu en ajoutant une autre variable explicative trés cor-
rélée avec la précédente telle que cette variable retardée ou mise au
carré ou multipliée par une autre variable (terme d’interaction). Nous
appliquons l'analyse ci-dessus a 'article de Burnside et Dollar (2000)
qui a montré que 'aide aurait un effet sur la croissance seulement
pour les pays ayant de "bonnes" politiques macroéconomiques, alors
que ces résultats dépendent en grande partie des observations atyp-
iques du Botswana et de la Gambie.

Mots clés: Regressions fallacieuses, probléme d’identification d’un
parametre, test d’hypothése, independance conditionelle instable, quasi-
colinéarité, aide au développement, croissance.

1 Introduction

This paper presents three results demonstrating that the statistical signif-
icance of an estimated parameter using the t-test may lead to misleading
inference for the existence of a relationship between a dependent variable
and a regressor in a multiple regression, when, by contrast, in a simple re-
gression with the same dependent variable, the parameter of this regressor is
not statistically significant. Such a regressor with a near-zero sample correla-
tion with the dependent variable is sometimes called a “classical suppressor



variable”, see, for example, Friedman and Wall [2005].!

(1) The first result is the existence of a parameter identification problem
for identifying a spurious effect versus a non-spurious effect of a classical
suppressor in a multiple regression. A parameter is not identified when it
is not possible to distinguish between alternative values of the parameter
related to alternative models which are observationally equivalent.

(2) A classical suppressor turns out to be statistically significant when
including a second regressor in a multiple regression in three cases. In case
1, the second regressor is orthogonal to the classical suppressor and highly
correlated with the dependent variable. In case 2, the second regressor is
moderatly correlated with the classical suppressor and with the dependent
variable. In case 3, the second regressor has a simple correlation close to
zero with the dependent variable (it is a second classical suppressor) and it
is highly correlated with the classical suppressor. Case 3 includes dynamic
models with highly correlated lags of the classical suppressor and non-linear
models with quadratic and interactions terms including the classical suppres-
sor. The publication bias for statistically significant parameters may foster
the publication of regressions including a pair of highly correlated classical
suppressors because they are so easily available to researchers (lags, square,
interaction terms).

(3) When a model is not identifiable, it is not theoretically possible to
learn the true value of this model’s underlying parameter with a large num-
ber of observations. The statistical significance of the estimated parameter
of a classical suppressor in a multiple regression is not enough to distinguish
between a spurious versus a non spurious effect. As an identification strategy,
we first show that case 1 corresponds to a spurious effect, with an irrelevant
Student ¢-test in multiple regression. We then show that case 3 has a po-
tential for over-fitting. If the regression is mostly fitting outliers, the t-test
18 not robust to these outliers: this allows the identification of a spurious
effect. This over-fitting leads to very large forecast errors on other samples
than the estimation sample. Dummies for outliers, robust regression estima-
tors, the evaluation of the root mean square errors on other samples than the
estimation sample and other cross validation, resampling and bootstrapping
techniques should be used.

The paper proceeds as follows. Section 2 investigates the parameter iden-
tification problem between a spurious effect versus a non-spurious effect of a
classical suppressor in a multiple regression. Section 3 determines three cases

! An irrelevant variable, by contrast, remains uncorrelated with the dependent variable
also in the multiple regression. The focus of this paper is the case where the classical
suppressor is not irrelevant in the multiple regression, whereas it is irrelevant in a simple
regression.



where a classical suppressor turns out to be statistically significant when in-
cluding a second regressor in a multiple regression. Section 4 proposes two
identification strategies of spurious effect for two of these cases. Section 5
proposes tools for practitioners to avoid these spurious regressions. Section
6 applies these tools to Burnside and Dollar’s paper on aid, policies and
growth. Section 7 concludes.

2 A parameter identification problem

We consider the following trivariate regression on standardized variables.
There is no constant in the model and all variables have mean zero and a
variance of one. Bold letters correspond to matrices and vectors:

X1 = [(12X2 + P13X3 + €1.23 (1)

where x; is the vector of N observations of the dependent variable, X33 =
(x2,x3) is the matrix where column i corresponds to the N observations of the
regressor x; for 2 < i < 3, 8 = (012, f13) is a vector of standardized parame-
ters to be estimated, and € 53 is a vector of random disturbances that follow
a normal distribution with mean zero and variance o2. In a linear regression
model with standard assumptions on the error term, ( E(e;|Xs33,) = 0 and
E(£2|X33,) = 02), Spanos and McGuirk [2002] derive in their theorem 1 a
relation between the model parameters (3,02) and the primary parameters
of the model defined by a vector of means and a covariance matrix (identi-
cal to the correlation matrix for standardized variables). In their theorem
2, Spanos and McGuirk [2002] state that the parameterization (/3,0) exists
if and only if the determinant of the correlation matrix of the regressors,
denoted Ra, is strictly positive: det (Rg) = 1 — 133 > 0 where 793 denotes
the simple correlation coefficient of the regressors. Then, the ordinary least
squares estimated parameters are given by linear functions of the simple cor-
relation coefficients 715 and 13 of each regressor with the dependent variable
indexed by one (variables with a hat denote estimated variables, except for
sample simple correlation coefficients to simplify notation):

312 — 12 ~ 12 — 713723 i~ 13 — 12723
<A :R21 :>612:—2and613:—. (2)

2
B3 r13 1 =1 1 —ras

One can always orthogonalize the two regressor variables, using the residuals
of the auxiliary regression of the regressor x3 as a linear function of the
regressor Xp (€39 = X3 — I'ogXa):



X1 = [19Xg + [13X3 + E1.23 = T12.X2 + [13 (X3 — T23X2) + £1.23. (3)

Let us assume that the null hypothesis for the true simple correlation co-
efficient Hy: 712 = 0 is not rejected. On the one hand, the effect of the
classical suppressor may be spurious because the regression with orthogonal
regressors becomes:

x; = 0.x3 + (i3 (X3 - 7“23X2) + €193 and Xy = €3 and €39 = X3 — r3Xo (4)

A shock &5 of the random variable x5 has no direct effect on the dependent
variable (because 112 = 0) and no indirect effect, because the variance of the
residuals x3—1793X5 corresponds to the variance of x5 which is not related at all
to the variations of x5 (figure 1). The t-test which is relevant in this multiple
regression with orthogonal regressors is the test of the null hypothesis Hy:
T12 = 0.

On the other hand, the effect of the classical suppressor may also be not
spurious. One always has ri5 = ﬁy + 793 - B13: the simple correlation effect
r12 is the sum of the direct effect 515 of x5 upon x; and of the indirect effect
of x5 upon x; mediated by the mediating variable x5 (figure 1). This indirect
effect is the product of the effect o3 of x5 upon x5 time the effect 313 of x3
upon Xj. If r15 = 0 is not rejected and if r93 = 0 is rejected, then the direct
effect 12 of x5 upon x; is exac‘gly and fullX offset by the indirect effect of x5
upon x; mediated through x3: [13 = —éﬁlz. In this case, one may interpret
the relationship between regressors x3 = ro3Xs + 2.3 as a immediate negative
feedback relationship of the variable x3 upon x5 which maintains constant
the dependent variable x; whenever x, deviates from its mean value (here
equal to zero) by a value 5. The multiple regression may then belong to a
triangular system of equations:

Xy = €3 and X3 = ro3Xp + €32 and x; = [9Xy — éﬁuX?, + €1.23 (5)
where the relevant ¢-test is the test of the null hypothesis Hy: (12 = 0.

The above discussion highlights the existence of a parameter identification
problem of a classical suppressor variable in a multiple regression (Hoover,
2001, pp. 45-49). The two observationally equivalent models are related to
t-tests of two different null hypothesis with conflicting outcome, where the
conditional independence of the variables x; and x, is not stable when one
includes an additional regressor. To our knowledge, no identification strat-
egy has been proposed to decide between these two models. For example,



Spanos [2006] concludes that the multiple regression including a statistically
significant classical suppressor is always spurious using pre-tests on simple
correlation coefficients. But he does not explicitly address the above para-
meter identification problem. Because the parameter could be either equal
to zero (with a coefficient of determination equal to zero in simple regres-
sion) or even reach maximal feasible absolute values in trivariate regressions
(with a coefficient of determination equal to one), there is no room for partial
identification or for set identification. However, we found two identification
strategies which are described in section 4 and are based on results found in
the next section 3.

3 Testing the stability of conditional inde-
pendence

In this section, we use Spanos and McGuirk [2002] framework to investigate
the conditions for a classical suppressor to turn out to be statistically sig-
nificant when including an additional regressor. This is the opposite of the
concern of econometric textbooks when dealing with near-multicollinearity.
Texbooks focus is when a regressor that is relevant in the simple regression
has no longer a statistically significant effect when another highly correlated
regressor is included. They focus on type I inference discordance defined as
follows. Firstly, the t-test does not reject the null hypothesis of no effect
(Hy : Bra = 0) between the dependent variable z; and a regressor zs, in the
trivariate regression. Secondly, the t-test rejects the null hypothesis of no
effect (Hp : 712 = 0) between the dependent variable z; and a regressor xs, in
the simple regression. Our concern is type II inference discordance defined
as follows. Firstly, the t-test rejects the null hypothesis of no effect (Hy :
B12 = 0) in the trivariate regression. Secondly, the t-test does not reject the
null hypothesis of no effect (Hy : 712 = 0) between the dependent variable
x1 and a regressor rs in the simple regression, in the set of feasible correla-
tion coefficients of the trivariate regression. A formerly not relevant variable
becomes relevant when another variable is included.

Spanos and McGuirk [2002] compute the estimated standard deviations
of estimated parameters 8@ and their Student’s ¢-statistics t5;, assuming
the normality of the disturbances:

N —2 1_7"%3 1 G \/det(Rg)

0 < det (R3) = (1 — Ri,3) det (Ry) < det(Ry) =1—r3;<1. (6)

0'/\
B3

6

(8@)_\/det(R3) 1 <1) and(t@> N —2 (ru_mm
o t

13 — 712723

)



Estimated standard errors and t-statistics depend on the sample corre-
lation matrix Rz whose entries are the correlation coefficients of all pairs of
variables denoted 7;;, including the dependent variable, indexed by 1, on the
first row and first column. One has rfj <lforl<i<3andl<j<3.
The Schur property of the determinants of the correlation matrices relates
the determinant of the matrix Rs to the determinant of the submatrix Ry of
the regressors and to the coefficient of determination R?,; of the trivariate
regression.

Feasible correlation coefficients when the correlation between
regressors increases. The condition on correlation coefficients det (R3) > 0
implies that the partial correlation coefficients are at most equal to one in
the case of the exact regression, where all the residuals are equal to zero. It
can be written as follows:

2 2
det (Ry) = — (1 + 723) <%> — (1= 7r33) (%) +1—73>0

- |7“12 - 7“137‘23| <1. (7)
\/1 - T%s\/l - 7”%3

In the case where det (R3) = 0, the Schur property implies that the
coefficient of determination R?,; is equal to one. Then, all residuals are
equal to zero. The regression is an exact linear relation between the three
variables. The estimated standard errors of the estimated parameters are
equal to zero. The t-statistics tends to infinity. For a given |rq3| < 1 and
varying ri3 and 73, det (R3) = 0 describes an ellipse centered at the origin
(rig = r3 = 0) in the plane (r13,712). All possible values of correlation
coefficients of 5 and 713 have to be enclosed by the large ellipse or on its
border so that det (R3) > 0.

When the correlation between regressors increases, the set of feasible cor-
relation coefficients with the dependent variable decreases and the area en-
closed by the large ellipse shrinks. The values of o3 are chosen to be equal to
0, 0.5, 0.95 and 0.99, in figures 2 to 5 respectively. When 795 = 0, the ellipse
is a circle centered at the origin (112 = r13 = 0) with a radius of 1 (figure 2).
When 793 > 0, the minor axis has a length of 24/1 — 793 and is on the line
ri2 = —7r13. As can be seen on figures 2 to 5, the width on both sides of the
minor axis decreases when the correlation coefficient r,3 increases from zero
to one. By contrast, the length of the major axis 24/1 + 723 (which is on the
line r15 = 713, when 793 > 0) increases when 793 increases. In other words,
the higher two variables are positively correlated, the closer are their corre-
lations with a third variable. The area enclosed by the ellipse (m/1 — r2;)

7



shrinks and tends to zero when 793 increases from zero to one. In the limit
case of exact positive collinearity between regressors (o3 = 1), the ellipse
degenerates into the segment of the line rj5 = r13 defined on [—1, +1]. When

ro3 < 0, the major axis is r15 = —r13 and the minor axis is r15 = 7r13. In the
other limit case 193 = —1, the ellipse degenerates into the segment of the line
r12 = —713, defined on [—1,41]. These two limit cases correspond to the sin-

gularity of the correlation matrix of the regressors (exact collinearity of the
explanatory variables: det (Ry) = 0), the ordinary least squares estimators
cannot be computed.

The acceptance region of the test of the null hypothesis H| :
P12 = 0 against the alternative hypothesis H| : 512 # 0 when the
correlation between regressors increases. It is given by:

712 — T13723] < tﬁ} ()
Vi—rs/I-rd /N -2+ 2 (a)
12

with a significance threshold a = 5%, related to the percentile ¢5— () of
a Student distribution. The acceptance region of the null hypothesis (H} :
P12 = 0) is reduced when the above interval for ryy is reduced, that is when
N increases and/or ¢ (o) decreases (the applied researcher sets for example a
significance threshold o = 10% instead of 5%) and/or 7%, tends to one (the
other explanatory variable is strongly correlated with the dependent variable)
and/or in particular when 135 tends to one (highly correlated regressors). As
seen in figure 2 to 5, the acceptance region is the area enclosed by the small
ellipse.

When the correlation between regressors increases, the set of feasible cor-
relation coefficients with the dependent variable in the acceptance region of
the test Hy : [12 = 0 decreases and the area inside the small ellipse shrinks.
The major axis of the small ellipse is related to the null hypothesis H :
12 = 0, which is equivalent to 715 = 793713. The locus of the null hypothesis
r12 = 793713 defines a line through the origin with a slope of 753 in the plane
(r12,713). Hence, its slope in absolute value increases from 0 to the limit
value of 1 when the correlation between regressor increases. It reaches the
value r13 = —1 for r15 = —ry3 and r13 = 1 for r15 = ro3. Finally, the rejection
region of the ¢ test of the null hypothesis Hy : B2 = 0 lies inside the large
ellipse of feasible correlation coefficients and outside the small ellipse in fig-
ures 2 to 5. In the rejection region, we would conclude that the variable x,
has an explanatory partial effect on the dependent variable x;.

The acceptance region of the test of the null hypothesis Hj :
rio = 0 against H; : ri5 # 0, taking into account that r, is a feasible

=7 (a,N,2) <1 (8)




correlation coefficient:

t'l"12
|r12] < (@) =7v(a,N,1) <1 and

SN 14t (a)?

’7“12 —7’137”23|

<1
\/1_7”%3\/1_7"%3 B
9)

Inside the large ellipse describing feasible correlation coefficients, the rejection
region of the null hypothesis (Hy : 712 = 0) increases when the above interval
for 715 is reduced, when the number of observations N and/or the threshold
« increase. In figures 2 to 5, the acceptance region of this test is between the
two horizontal lines 7o = £0.196 (for N = 102 and a = 5%) on both sides
of the horizontal line related to the null hypothesis Hy : 715 = 0 and inside
the large ellipse. If the correlation coefficients are within the area between
the two horizontal lines, we do not reject the null hypothesis of no effect in
the simple regression of the variable x5 on the variable x.

The acceptance region of the test of the null hypothesis H :
ri3 = 0 against H; : ri3 # 0, taking into account that r;3 is a feasible
correlation coefficient is given by similar inequalities. In figures 3 to 5
(not shown on figure 2 for simplicity), the acceptance region of this test is
between the two vertical lines r13 = £0.196 (for N = 102 and o = 5%) on
both sides of the vertical line related to the null hypothesis Hy : 713 = 0 and
inside the large ellipse.

Graphical representations of inference discordances. In what fol-
lows we discuss some results concerning type I and type II discordances. Our
discussion here refers only to the graphical representation, the theoretical
results can be found in the appendix. On figure 2 to 5, type II discordance
occurs for (ri3,r12) between the highest horizontal line and the lowest hor-
izontal line ris = +0.196 (the acceptance region of the t-test of the null
hypothesis Hy : 712 = 0) and inside the large ellipse and outside the small
ellipse (the rejection region of the t-test of the null hypothesis Hy : S5 = 0).
Conversely, type I discordance occurs for (r13,7r12) in the rejection region of
the t-test of the null hypothesis Hy : 712 = 0 which is above the highest hori-
zontal line r15 > 0.196 or below the lowest horizontal line r;5 < — 0.196 and
inside the small ellipse (acceptance region of the ¢-test of the null hypothesis
Hy: B2 = O)-

A typology of type II inference discordance when the correlation
between regressors increases.

Case 1. When the null hypothesis Hj : ro3 = 0 that the second regressor
is orthogonal to the classical suppressor regressor is not rejected (for example:
0 < |ro3] < 0.2, when N = 102 and o = 5%), the range of feasible values of
the sample correlation coefficient 15 for type II discordance is larger when
the second regressor is highly and increasingly correlated with the dependent

9



variable (for example: 0.8 < |ri3] < 1). For example, in figure 2, with
orthogonal regressors (123 = 0), the estimated parameters are identical 312 =
r12 and the range of feasible values of the sample correlation coefficient 715
for type II discordance is larger when the correlation between regressors 7%,
tends to one:

v (o, N,2) y/1 =12 < |rig] < (= 5%, N =102,1) = 0.196 (10)

The acceptance region for the test of the null hypothesis H|| : 512 = 0 is in-
cluded in the acceptance region for the test of the null hypothesis Hy : 710 = 0
so that there is no type I inference discordance between the two tests. The
coefficient of determination is equal to R%,, = 7?5 + r}, when ro3 = 0. It
tends to one when 7%, tends to one and when 715 is close to zero. In other
words, when %, tends to one, the second regressor (indexed by 3) reduces
on average the squares of the residuals so much that the root mean square
error of the residuals tends to zero. By contrast, when ry5 is zero, the first
regressor does not reduces the squares of the residuals. But the standard
error of the estimated parameter of first regressor (15 tends to zero in the
multiple regression, because it is a linear increasing function of the root
mean square error of the residuals. Hence, the parameter 315 turns out sta-
tistically significant although the variable x5, orthogonal to w3, is unrelated
to this reduction of the root mean square error. For this reason, in regres-
sions with orthogonal regressors, only the simple correlation rejection region
provides meaningful inference (Chatelain and Ralf, 2010, present a similar
argument for time invariant variables in panel data). Software programmers
should change the computation of standard errors with incomplete principal
component ordinary least square regressions (e.g. PROC REG, PCOMIT
instruction in SAS).

Case 2. When the second regressor is moderatly correlated with the
classical suppressor regressor (0.2 < |ra3| < 0.8), the range of feasible values
of the sample correlation coefficient r15 for type II discordance is larger when
the second regressor is moderatly correlated with the dependent variable, for
example: 0.1 < |ri3] < 0.9, as seen in figure 3, where ro3 = 0.5. The major
axis of the small ellipse has a positive slope equal to ro3 = 0.5. It is the
location of the null hypothesis 512 = 0. The area of type II discordances
(where the classical suppressor reaches statistical significance in the multiple
regression) increases with respect to the case of orthogonal regressors. There
is now an area for type I discordances.

Case 3 (highly correlated pair of classical suppressors). When the
second regressor is highly correlated with the classical suppressor regressor

10



(0.8 < |reg] < 1), the range of feasible values of the sample correlation
coefficient 715 for type II inference discordance is larger when the second
regressor is likely to be another classical suppressor poorly correlated with
the dependent variable, so that the null hypothesis Hy : r13 = 0 is not
rejected, for example, 0 < |ry3] < 0.196 = v (a = 5%, N = 102,1) in figure
4 and 5. In particular, when 3 = 0, the range of feasible values of the
sample correlation coefficient r15 for type II discordance is larger when the
correlation between regressors r2; tends to one:

v (e, N,2) /1 — 12y < || <y (o = 5%, N = 102,1) = 0.196 (11)

In figure 4, the correlation between the two regressors is equal to ro3 =
0.95 (in figure 5, which is qualitatively equivalent to figure 4, the correlation
between the two variable is equal to 793 = O.99j. The location of the null
hypothesis Hy : 512 = 0 (so that r15 = 0.9573) is the major axis on the small
ellipse with a slope equal to 0.95: it is nearly identical to the slope of the
major axis of the large ellipse equal to 1 (so that rj = r13). The large ellipse
shrinks with respect to figure 2 because the high positive correlation between
the two regressors implies that the correlation of each of the regressors with
the dependent variable should be nearly the same. As a consequence, the
acceptance region of the t-test of the null hypothesis Hy : 512 = 0 included
inside the small ellipse also shrinks.

In the central square, |ry;| < 0.196, j = 2,3, both correlation coefficients
are in the acceptance region of the ¢-test of the null hypothesis Hy : r; = 0,
7 = 2,3: one does not reject the null joint hypothesis that both regressors
are classical suppressors. This central square is now within the rejection
region of the t-test of the null hypothesis Hy : B2 = 0, except inside the
thin diagonal area around the null hypothesis Hy : 12 = 0 which is the
locus of the major axis ri5 = 0.95713 of the small ellipse. Then, in order to
reach statistical significance of 315 for a p-value at least equal to 5%, when
rog = 0.95 and r15 = 0, a difference of only a few percentage points between
the correlation coefficient r15 and 13 is sufficient so that |rio — 0.95r3] is not
too small, knowing that |ry3| cannot exceed 0.312 for the exact regression case
det (R3) = 0. For examples, if N = 402, it is sufficient that |ri3] > 0.031, if
N =102, it is sufficient that |ry3| > 0.061 and if N = 22, it is sufficient that
|T’13| > 0.127.

The usual concern of textbooks for near-multicollinearity related to type
I discordances is also found in figure 4. For 0.196 < |r2| < 1, even including
values of |ry3| close to one with a very high power (close to one) of the ¢-
test of the null hypothesis: Hy : r12 = 0, |ri2| may belong to the thin area

11



inside the small ellipse which is the acceptance region of the ¢-test of the null
hypothesis Hy : 312 = 0.

Increasing the number of observations may foster spurious infer-
ence of highly correlated classical suppressors. We conducted Monte
Carlo simulations on samples of multi-normal laws with zero mean, standard
deviations of one, r15 = 0 and r13 = 0.03 for 1000 replications. In case 2,
when r93 = 0.5, the proportion of type II discordance is equal to 2.1% of the
replications of samples of N = 102 observations; it is equal to 4.9% of the
replications of samples of N = 1002 observations. In case 3, when 793 = 0.99
(cf. figure 5), the proportion of type II discordance is equal to 52.3% of
the replications of samples of N = 102 observations; it is equal to 95.5% of
the replications of samples of N = 1002 observations. By contrast, in the
four types of simulations, the proportion of type I discordances, which is the
usual focus of textbooks on near-multicollinearity issues, remained between
0% and 3.3% (Chatelain, 2010).

On the effect of a pair of highly correlated classical suppressors
on a third regressor: Let us now consider this regression with normalized
variables when the following null hypotheses are not rejected: r15 = r13 = 0:

X1 = Pr2Xo + P13X3 + PraXs + €1.034 (12)

To investigate the effect of the pair of classical suppressors, one can
analyse the variance of the third regressor with the following orthogonal
regressors:

X4 = T14X1 + T24Xo + Pog (X3 — T23X2) + €4.123 (13)

If the third regressor is orthogonal to the two classical suppressors (the
following hypothesis are not rejected: 194 = fog = 0), its parameter 14 =
r14 does not change when adding orthogonal regressors. But its estimated
standard error may benefit from the decrease of the root mean square error,
if for example x3 — r93x5 fits with a large outlier. As mentioned before, in
the case of orthogonal regressors, this outcome of the t-test is questionable.

Else, if the third regressor is not orthogonal to the two classical sup-
pressors, its parameter (14 # 114 will change when including these two
classical suppressors and will include: cov(xy — r14X1,X,) and cov(xy —
T14X1, X3—T23X2). However, the variance component var(xy4 — r14X;) is unre-
lated to the variance that needs to be explained: var(x;) in the regression
where the dependent variable is x; (they are related to two distinct orthog-
onal subspace). Hence, it is not obvious that introducing cov(xy — 114X1, X5)
and cov(xy — 114Xy, X3—T93X2) in (14 provides meaningful additional infor-
mation with respect to r14 when the purpose at hand is to explain the effect
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of the variance of x4 on the variance of x;. This suggests that excluding
the two classical suppressors does not add noise in the interpretation of the
parameter of the third regressor on the dependent variable x;.

On the distribution of true correlation coefficients: The frequency
of spurious regressions depends upon the distribution on true correlation
coefficients (175, r7;) on the planes depicted in the figures 2 to 5 given rl, for
any available data set of three variables in any field of research. A researcher
may consider that a Laplacian prior is possible: the distribution is uniform.
But, in practice, researchers may select variables while doing exploratory
regressions and data mining, in order to reach statistical significance (reject
Hy : B12 = 0), because of the publication bias for rejecting null hypothesis.
When the simple correlation of the dependent variable with the explanatory
regressor of interest is zero, it is easy to find highly correlated regressors, such
as lags, powers and interaction terms of the classical suppressor or finding a
control variable which has a common unobservable factor with the classical
suppressor. Then statistical significance is likely to follow suit.

4 The identification of statistically significant
spurious effects

A type II inference discordance may lead a researcher to present as statisti-
cally significant a spurious effect for regressors such that the null hypothesis
Hy : r15 = 0 is not rejected. Hopefully, we found two strategies to identify
spurious effect related to case 1 and case 3 of the typology of type II inference
discordance of the previous section.

In case 1, the null hypothesis Hj : ro3 = 0 that the second regressor is
orthogonal to the classical suppressor regressor is not rejected. This implies
that the existence of a negative feedback relation of the control variable x3 on
the variable x5 is rejected. As a consequence, the non-spurious effect model
is rejected. What is more, the above section highlighted that the statistical
significance of 15 is meaningless: it should not be taken into account.

In case 3, the null hypothesis Hy : 3 = 0 that the second regressor
is another classical suppressor is not rejected, and it needs to be highly
correlated (|ra3| > 0.8) with the first classical suppressor in order that both
regressors have statistically significant parameters. This particular case often
occurs when the second regressor is a lag or the square or an interaction term
of the classical suppressor. On the one hand, for the spurious effect model,
it adds another spurious effect of the second regressor x3 on the dependent
variable x; so that the model includes two spurious effects instead of one! On
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the other hand, for the non-spurious effect model, the variable x3 is highly
correlated to the other variable x5 in the negative feedback control auxiliary
equation: x3 = ro3Xs + €9.3.

When a pair of highly correlated classical suppressors faces over-fitting
of the dependent variable, the spurious effect can be identified because its
statistical significance is not robust to outliers. The higher the correlation
among regressors, the lower the variance of the residual x3 — ro3x5, which
turns out to be much smaller than the variance of the dependent variable:
Var (x3 —rogxa) = 1 —r3; < Var (x;) = 1. An explanatory variable which
has most of its observations very close to its mean has a vary large estimated
parameter equal to (13, which is a linear function of the ratio of standard
errors o (x1) /o (X3 — ro3X2) = 1/4/1 —r3;. This parameter 13 is highly
sensitive to the omission or the inclusion of a few observations which are
the farthest from the mean of the variable in the sample (observations with
high leverage). Hence, the residual x5 — ro3xs may be highly correlated with
dummies for a few outliers. Then, the multiple regression is mostly fitting
outliers. This suggests that the ¢-test rejects the null hypothesis Hy: 13 =0
but that it is not robust to outliers. By the same argument, as 315 = —793-13,
the t-test rejects the null hypothesis Hy: (12 = 0 but it is not robust to
outliers. If, when removing outliers or when decreasing their weights using
robust regressions, t-tests do not reject any longer the null hypothesis Hy:
B3 = 0 and the null hypothesis Hy: (12 = 0, one can conclude that the
correct interpretation of the first regression on the full sample was the one
of a spurious effect. An additional hint is that when including both classical
suppressors leads to a very small increase of the coefficient of determination
of a multiple regression, the model is less likely to be robust to outliers and
estimations on subsamples than when they contribute to a large increase of
the coefficient of determination (i.e. a reduction of the root mean square
error of the residuals).

But, if, when removing outliers, the t-test of the null hypothesis rejects
Hy: (12 = 0, whereas the t-test does not reject the null hypothesis Hy:
ri2 = 0, the researcher is still facing conflicting outcomes between the two
t-tests to decide between a spurious effect or a non-spurious effect model. So
far, we leave to further research an identification strategy for case 2 (where
both Hy : ro3 = 0 and Hy : m13 = 0 are rejected), which is more likely to
be robust to outliers as the variance Var (x3 — my3x3) = 1 — r2; is relatively
larger than in case 3.
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5 How to prevent spurious regressions

We first suggest that editors require the systematic disclosure of the correla-
tion matrix including the simple correlation coefficients with the dependent
variable of all regressors, including interaction terms, lags and squares. Fol-
lowing Spanos (2006), we suggest that applied researchers perform prelimi-
nary tests on simple correlation coefficients of regressors with the dependent
variable. A spurious regression may occur when at least one of the tests of
null hypothesis of a negligible effect of each of the regressors indexed by j
(2 < j <k+1) on the dependent variable (Hy : r1; < 0.1 when 7; > 0, or
Hy : r1; > —0.1 when 71; < 0) is not rejected (say for the regressor indexed
by j'), and such that the test of a null effect of this regressor in a multiple
regression is rejected (Hp : 15 = 0). The threshold 0.1 implies that the true
correlation coefficient should explain at least 1% of the variance of the depen-
dent variable in a simple correlation model (the coefficient of determination is
such that: R} ; > 1%). It refers to Cohen’s [1988] (pp.79-81) classification of
effects in his evaluation of the power of tests for cross sections where at least
a correlation of ry; = 0.1 or r%j = 1% is required to consider a meaningful
small effect on the dependent variable. These tests are available in statistical
softwares, such as SAS 9.3 (the instruction is: proc corr data=database fisher
(tho0=0.1 lower);). The test of a null effect (Hy : 3} = 0) is also feasible.
But, for very large samples (N > 1000), it will reject the null hypothesis for
very small sample values of the correlation coefficient. One may also use a
rule of thumb excluding regressors with sample correlation coefficient such
|7’12| < 0.1.

Our paper proposes additionally to calculate the parameter inflation fac-
tor PIF defined below. Three indicators have been proposed in the literature
to detect near-collinearity: the determinant of the correlation matrix between
regressors det (Ry), the variance inflation factor (VI F') and the condition in-
dex CI. In the trivariate case, the traditional indicators depend only on the
correlation coefficients between the two explanatory variables, ro3:

1 max 141793
det (Ry) = MmaxAmin = 1—72,, VIF = = ,CI =
¢ ( 2) r23 det (RQ) 1— \/ mm \/1 — T3

where Apax = 1 4 ro3 and Ay = 1 — o3 are the two eigenvalues of the cor-
relation matrix of the regressors Ry. For example, a high correlation among
regressors can be defined by a unique rule of thumb such as ro3 > 0.8 so
that det (Ry) < 0.36 or VIF > 2.7 or C'I > 3. A measure able to evaluate
whether coefficients are oversized or not, is also needed for referees and jour-
nal editors. A reasonable starting point for highlighting this problem is what
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we call the parameter inflation factor (or PIFis) as the ratio of the multiple
correlation standardized parameter (315 and the correlation coefficient 5. It
is also equal to the ratio of the non standardized multiple regression para-
meter 5%5/3‘“,‘3 and the non standardized parameter of the simple regression

NS
1.2 -
51.2/.3...k ﬁf\.fég/s...k 13
PIF12: = NS .Fork=2: P]Flgz 1——7"23 V]Flg.
12 1.2 712

(15)
The second equation is the PI F-formula for the trivariate case. As compared
to the variance inflation factor (VIF) which depends only on correlation
coefficients between the regressors, the PI F' takes also into account the vector
r1; of correlations of the regressors with the dependent variable. It measures
if the numerator of the multiple correlation coefficient is sufficiently large
to benefit from the multiplier effect of the denominator (the VIF') in case
of high correlation among regressors. Highly correlated classical suppressors
are obvious candidates for the highest values of the PIF'.

6 The identification of spurious regressions:
aid, policies and growth

The following example shows how the use of the PIF, tests on correlation
coefficients and robust regressions would have helped referees to evaluate
the Burnside and Dollar (denoted BD) (2000) paper. BD use ordinary least
squares estimates on an unbalanced panel of 56 countries over 6 four-years
periods between 1970 and 1993 (N = 275 observations). In BD first regres-
sion, real per capita gross domestic product (GDP) growth rate is a function
of three macroeconomic policy variables (budget surplus, inflation and open-
ness) and other control variables. Then, BD decide to constrain the estimated
parameters found in this first regression in order to define a macroeconomic
policy index:

Policy = 1.28+6.85%Budget Surplus—1.40xInflation+2.16+Openness. (16)

Table 1 reports three regressions (BD1, BD2, BD3) from BD tables and
two additional regressions (CR1, CR2) that we run using their data set. In
regression BD1, the regressors are the policy variable (instead of the sep-
arate variables budget surplus, inflation, openness) with exactly the same
other control variables than in their initial regression: by construction, the
estimated parameter for the policy index is equal to one. The Aid/GDP
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estimated parameter is close to zero (0.034) with a very large standard
error. Then in regression BD2, their main result is that real per capita
gross domestic product (GDP) growth depends significantly at the 5-percent
level on two highly correlated interactions terms: (Aid/GDP) x Policy and
(Aid/GDP)?xPolicy, leading to the recommendation that foreign aid should
be linked to good macroeconomic policy.

But firstly, both regressors are weakly correlated with the dependent vari-
able but highly correlated among themselves: 715 = 0.128, 13 = 0.058, 195 =
0.92, with PIFj5 = 0.203/0.095 = 2.1 and PIF;3 = —0.019/0.00458 = —4.2
with sign reversal. This indicates that there might be a problem of a spu-
rious regression. Secondly, the auxiliary regression of (Aid/GDP)?xPolicy
on (Aid/GDP)xPolicy has an extremely large studentized residual which
exceeds 10.7 for Gambia 1986-1989. This indicates that there might be an
outlier problem. According to Belsley, Kuh, and Welsch (1980), observations
with studentized residual larger than 1.96 in absolute value should be inves-
tigated. The residuals variable orthogonal to (Aid/GDP)xPolicy (denoted
€39 = X3 — T'3Xs in section 2) has a simple correlation coefficient with a
dummy for Gambia 1986-1989 equal to 0.57. The Gambia 1986-1989 dummy
variance explains one third (R? = 0.57% = 32.5%) of the variance of this resid-
ual variable. When we run the growth regression excluding the observation of
Gambia 1986-1989 (CR1, tablel), the two regressors (Aid/GDP)xPolicy and
(Aid/GDP)?xPolicy are no longer both statistically significant. Thirdly, BD
used the White heteroskedasticity consistent standard errors in regression
BD2 including Gambia 1986-1989: this is not useful when heteroskedastic-
ity is driven by a large outlier. With ordinary least square standard errors,
both regressors (Aid/GDP)xPolicy and (Aid/GDP)?xPolicy are no longer
statistically significant with the specification BD2, including the observation
Gambia 1986-1989. Fourthly, the marginal contribution to the coefficient of
determination R? of including (Aid/GDP)xPolicy and (Aid/GDP)?xPolicy
is very small in regression BD2 with respect to regression BD1 which ex-
cludes these regressors: 0.3981 — 0.3918 = 0.0063. This contribution to
R? enters into the computation of the power of the Fisher test for includ-
ing (Aid/GDP)xPolicy and (Aid/GDP)?xPolicy which is then only 30%
(hence, a p-value of type II error of 70%) for a threshold of 5% for the
type I error, whereas at least 80% is usually required according to Cohen
(1988) (the estimated power is computed using the procedure power with
SAS). Finally, removing sequentially up to 14 additional outliers ranked by
their leverage on (Aid/GDP)xPolicy (which are distant from the mean of
(Aid/GDP)xPolicy from at least 1.48 times its standard error), we were
never able to obtain the simultaneous statistical significance of each of the
regressors (Aid/GDP)xPolicy and (Aid/GDP)*xPolicy (those regressions
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are available upon request) except when the outlier Gambia 1986-1989 is in-

cluded. All these tests confirmed that the statistical significance of (Aid/GDP) x Policy
and (Aid/GDP)?*xPolicy in regression BD2 is not robust to outliers. This
quadratic interaction term can be identified as a spurious effect.

BD also run a regression including (Aid/GDP)xPolicy which is statisti-
cally significant at the 5% level (0.19*) excluding the variable (Aid/GDP)? x Policy
and 5 observations: Gambia 1986-1989, Gambia 1990-1993, Nicaragua 1990-
1993, Guyana 1990-1993, Nicaragua 1986-1988 (regression BD3).? How-
ever, we run a regression excluding the next outliers with high leverage for
(Aid/GDP) x Policy, which are distant from the mean of (Aid/GDP)xPolicy
by more than 3.2 its standard error: Bostwana 1986-1989, 1982-1985 and
1978-1981. Then, the variable (Aid/GDP)xPolicy is no longer statistically
significant with the remaining 267 observations. When removing up to 7
remaining high leverage outliers (samples with 267 to 260 observations), the
coefficient of (Aid/GDP)xPolicy remains negative and not statistically sig-
nificant.

Another assessment of the aid and policy interaction effects on GDP
growth is to observe the effect of outliers on the marginal effect of policy
on growth as shown in figure 6. Without interaction term, the parameter
of policy is equal to one. When introducing a quadratic interaction term
with Aid/GDP, the Gambia 1986-1989 dummy in regression BD2 is shifting
downwards the effect of policy for large values of Aid/GDP (Aid/GDP has a
minimum of near 0 units and a maximum of 12 units). When this observa-
tion is excluded (CR1), the quadratic parameter remains quite close to the
horizontal line with value one. When removing 5 outliers (regression BD3),
the Bostwana observations are shifting upwards the effect of policy for large
values of Aid/GDP, in the opposite direction of the Gambia 1986-1989 outlier
in regression BD2. When the three Bostwana observations are excluded, the
increasing marginal effect has a slope close to zero. For the maximal value
of Aid/GDP (12), Bostwana observations are driving the marginal effect of
Policy up to 3 instead of 1 in regression BD3, whereas the Gambia 1986-1989
is driving the marginal effect of policy down to 0.3 instead of 1 in regression
BD2. Conversely, on figure 7, the marginal effect of aid/GDP as a function
of policy in the linear interaction term model (BD3) is also sky rocketing for
extreme values of policy (—4.5 units as a min and +4.5 units as a max), which
is no longer the case when the three Bostwana data are excluded (CR2).

The test of the simple correlation with the dependent variable GDP
growth with (Aid/GDP)?xPolicy do not reject the null hypothesis: Hy :

2p is the p-value of the t-test of the parameter, * indicates statistical significance at the
5-percent level.
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TlTj = 0 at the 5-percent for N = 275 observations and for smaller sets of
observations excluding outliers. The test: Hj : rﬂ- < 0.1 when rlTj > 0 does
not reject the null hypothesis at the 5-percent level for (Aid/GDP)x Policy:
rig = 0.128, p-value = 0.318 for N = 275 observations. The test: Hj :
rﬁ > —0.1 when rﬂ < 0 does not reject the null hypothesis at the 5-percent
level for Aid/GDP (with negative sign): rig = —0.173, p-value = 0.109,
for N = 275 observations, but, for N = 267 observations (regression CR2),
rig = —0.224, p-value = 0.019 so that the null hypothesis is rejected at the
5-percent level, but with a negative sign. However, because of missing ob-
servations for their other regressors, BD excluded 230 (45%) observations of
their data set, which in fact includes 505 observations of the pair of variables
(Aid/GDP, GDP growth) with an overall simple correlation of r;s = 0.032
close to the one found in the updated sample of Doucouliagos and Paldam
(2009). Hence, for N = 505, The t-test does not reject at the 5-percent level
the hypothesis that Aid/GDP is a classical suppressor for GDP growth: Hj :
rig = 0, p-value = 0.46. The value of the standardized parameter estimate
of AID/GDP changes from the negative effect value —0.173 (N = 275) in
a simple regression to, for example, +0.034 (N = 275) in regression BD1
(table 1, column 1). This change is mostly explained by the inclusion of the
Sub-Saharan Africa and East Asia dummies in the multiple regressions of
table 1.

The pre-tests of simple correlation coefficients with the dependent variable
Hy : r; = 0 do not reject the null hypothesis at the 5-percent level for
5 remaining regressors: Log(GDP) at the beginning of each period, Ethnic
fractionalization, Assassinations, Ethnic fractionalization x Assassinations,
M2/GDP lagged. In particular, there is another highly collinear pair of
classical suppressors with spurious statistical significance at the 10-percent
level in all regressions in table 1, for Assassinations and the interaction term
Ethnic fractionalization x Assassinations: 714 = 0.063, 715 = 0.039, ry5 =
0.86 with PIFy4 = 2.3 and PIF5 = —3.3 (with sign reversal).

Finally, the conclusion that we should draw from the data and the pooled
OLS regression model is that GDP growth increases with the macroeconomic
policy index, the institutional quality and the East Asian countries dummy
and decreases with the Sub-Saharan countries dummy. Burnside and Dollar’s
paper involves further work using a larger data set and panel data estimators
dealing with endogeneity and with time invariant regressors (such as initial
GDP and regional dummies) instead of pooled OLS, with estimators which
were already available in the mid-1990s. With respect to the endogeneity of
Aid/GDP, Burnside and Dollar’s tests led them to favor pooled OLS instead
of their pooled 2SLS instrumental variables estimations. Bazzi and Clemens’
(2013) critique focuses on BD’s choice of the log of population as an in-
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strument for Aid/GDP in their 2SLS estimations. Although it is a strong
instrument, they emphasize that the log of population has a statistically sig-
nificant partial relationship with several variables other than Aid/GDP that
are plausible growth determinants, as done in other studies than BD study.
Bazzi and Clemens (2013) claim that the log of population cannot be used
to instrument more than one relevant regressor in growth regressions.

An ideal tool for winner’s curse papers. The winner’s curse in auc-
tions means that the person who makes the highest bid and eventually wins
the auction has overpaid. Like bidding in auctions, finding unexpected and
large effects in science leads to higher probability not only to be published in
top journals but also to be far from the truth, fostering controversies and ci-
tations. Toannidis [2005] finds support of winner’s curse for papers in several
fields of clinical research and epidemiology. The spurious effects analyzed
in this article provide the ideal tool of winner’s curse papers: they allow
to find effects that are statistically significant (because of highly correlated
classical suppressors), large (because of near-multicolinearity), unexpected
(because the effect is spurious), interesting (because of interaction terms, dy-
namic or non-linear and quadratic models) and fostering controversies and
citations (because the results are outliers driven). The fate of winner’s curse
papers is to be contradicted in replications on different samples published
in second-tier journals, so that, a decade later, meta-analysis concludes that
there is no effect, in accordance with the saying of classical antiquity: veritas
filia temporis. BD’s paper followed this predicted sequence. BD’s paper is
the most cited paper published in the American Economic Review in 2000:
more than 3100 citations in Google Scholar database in May 2013. Easterly,
Levine, and Roodman [2004] showed that the sign on aid/GDPxPolicy is
not stable when including 80 observations to the BD’s sample (this section
shows that it is not stable neither when excluding only 3 observations re-
lated to Botswana). A meta-analysis by Doucouliagos and Paldam [2009]
includes up to 355 estimates from 31 articles of this literature including a
quadratic term (Aid/GDP)? or interaction terms of Aid/GDP with various
policies measures. They conclude that “the aggregate coefficient to the inter-
action between foreign aid and policy proves to be very close to zero”. This
paper states that this information is directly available in the near-zero simple
correlation of Aid/GDP with GDP growth.

7 Conclusion

Highly correlated regressors weakly correlated with the dependent variable
may foster the publication of spurious regressions over-fitting outliers with
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statistically significant large estimated parameters. PIF' and tests on simple
correlation coefficients with the dependent variable are useful tools to prevent
this issue.
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8 Appendix A

Proposition 1: Conditions for type II inference discordance: Firstly,
the t-test rejects the null hypothesis of no effect (Hy : f12 = 0) in the trivari-
ate regression. Secondly, the t-test does not reject the null hypothesis of no
effect (Hp : 112 = 0) between the dependent variable z; and a regressor xs
in the simple regression, in the set of feasible correlation coefficients of the
trivariate regression. This corresponds to the following conditions:

13723+ (a, N, 2) \/1 - 7"13\/1 r33 < 112 < min (7( 7137723 + \/1 B T13\/1 ) o

max (‘7( ;13723 — \/1 7“13\/1 ) <119 < rigrag—7y (o, N, 2) \/1 r13\/1

(18)
Proposition 2: Conditions for type I inference dlscordance.
Firstly, the t-test does not reject the null hypothesis of no effect (H(/) : Prg =
0) between the dependent variable x; and a regressor x, in the trivariate
regression. Secondly, the t-test rejects the null hypothesis of no effect (Hy :
r12 = 0) between the dependent variable z; and a regressor x5, in the bivariate
regression. This leads to the conditions:

v (o, N, 1) <rig < rsras + v (o, N, 2) \/1_7“%3\/1_7”%3 (19)

13723 — ¥ (o, N, 2) \/1 — 7’%3\/1 — 712 <rp < —vy(a,N,1). (20)
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Table 1 OLS growth regressions using data of 56 developing countries.

corr(x1,x(i)) for 275 and 267 obs. | BD1 BD2 CR1 BD3 CR2
0.034 0.049 0.054 -0.021 0.026
Aid/GDP
0 143 ol 20,294 0.12) | (0.12) (0.13) | (0.16) | (0.16)
' ) -0.1 -0.2 -0.2 0.1 -0.1
* k
(Aid/GDP) «Policy 0.20 0.16 0.19 0.05
0.198 and 0.037 B (0.09) (0.11) (0.07) (0.10)
’ ) 2.1 1.2 1.0 0.8
_ * _
(Aid/GDF Pty 00T |0y
0.058 and -0.014 - 4.2 19 - -
Policy Index 1.00* 0.78%* 0.81%* 0.71%* 0.80*
BT ol 0420 (0.14) (0.20) (0.20) (0.19) (0.19)
' ' 0.8 0.6 0.6 0.5 0.6
Tnstitutional quality 0.64* 0.67* 0.67* 0.69* 0.63*
0971 et 0941 0.17) | (0.17) 017) | (0.17) | (0.17)
' ' 0.8 0.8 0.8 0.9 0.9
. -1.60* -1.84* -1.83* -1.87* -1.91*
Sub-Saharan Africa
0.210 and -0.256 (0.73) (0.74) (0.74) (0.75) (0.75)
' ) 1.0 1.1 1.1 1.1 1.0
East Asia 0.91 1.20* 1.18* 1.31%* 1.23*
0.320 and 0.333 (0.54) (0.58) (0.58) (0.58) (0.57)
' ' 0.2 0.3 0.3 0.4 0.3
-0.61 -0.56 -0.56 -0.60 -0.66
Initial GDP
15 e 111 (0.56) (0.56) (0.56) | (0.57) | (0.57)
' ) -1.0 -0.9 -1.0 -1.1 -1.2
0.014 0.016 0.014 0.012 0.008
M2/GDP (lagged
0 01/7 o E) 0g2g7 ) (0.013) | (0.014) (0.014) | (0.014) | (0.014)
' ' 3.0 3.5 3.2 1.5 1.1
EF: Ethnic -0.54 -0.42 -0.44 -0.42 -041
fractionalization (0.72) (0.73) (0.72) (0.72) (0.71)
-0.083 and -0.099 0.5 0.4 0.5 0.4 0.4
Assassinations (A) -0.44 -0.45 -0.44 -0.45 -0.43
Y 0.26) | (0.26) 0.26) | (0.26) | (0.26)
’ ) 2.4 2.4 2.4 2.3 2.5
0.82 0.80 0.80 0.79 0.73
EF x A
10.039 and -0.038 (0.44) (0.44) (0.44) (0.44) (0.44)
' ’ -3.5 -3.4 -3.4 -3.1 -3.3
Observations 275 275 274 270 267
R? 0.3918 0.3981 0.3985 0.3944 0.3797
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Notes: The dependent variable is real per capita GDP growth. Corre-
lation coefficients of each regressor with GDP growth rates for N=275 and
N=267 observations are below the names of the regressors. Below estimated
parameters, White heteroskedasticity consistent standard errors are in paren-
theses and PIF values below standard errors. PIF absolute values over 2 are
in bold. Regressions BD1, BD2 and BD3 are in Burnside and Dollar [2000]
article (there is a typo in BD’s article for regression BD2: the parameter is
0.049 for the variable Aid/GDP). Regression CR1 exclude the outlier Gambia
1986-89 with respect to BD2. Regression CR2 exclude three outliers related
to Bostwana with respect to BD3. * statistical significance at the 5-percent
level.
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Figure 1 : Parameter identification problem
Negative feedback control variable Spurious effect
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Figures 2, 3, 4 and 5: The rejection regions for the tests Ho:r12=0, Ho:r13=0,Ho:B13=0 for N=102, t=2, ri,=f(r:3), r3=0
(graph 1) then 0.5 (graph 2), 0.95 (graph 3) and 0.99 (graph 4).

1.0 P Sy 10

rl2 - rl2 - rd
05+ \E 05 /

/ \ /I,
00— 001/ o /!
05T T 05 /
-1.0 Tt .10 L’

210 -05 00 05 .10
rl§

L0 05 00 05 10
rlé

123=0 123=05
M T A
0.5 7 B
0.0 r
-0.5 7 B
-1.0 i3 -1.0 f t t
-1.0 -05 0.0 (),Srlﬁ() -1.0 -05 00 O.SrIé.O
123=0.95 123=0.99

Feasible correlations coefficients are inside the large ellipse. The major axis of the small ellipse corresponds to the
null hypothesis for the multiple regression Ho: B12=0. The rejection region of the t-test of Ho: B12=0 lies inside the
large ellipse and outside the red ellipse. The region of acceptance of the t-tests of Ho:ri2=0 and Ho:r3=0 is the central
square [-0.196,0.196]>.



Figure 6: Coefficient on policy as a function of Aid/GDP without interaction term (horizontal line with value 1) or with
a linear interaction term including Bostwana observations (dash line) or not (solid line) or with a quadratic
interaction terms including Gambia 86-89 with (dash curve) or without (solid curve). The range of the horizontal axis

is the min and max of aid/GDP.
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Quadratic interaction terms: Including Gambia 86-89 Excluding Gambia 86-89

With quadratic interaction, the sensitivity equal to one is included in the 95% confidence interval even when
including Gambia 86-89 observation: there is no stastical significance of the quadratic interaction term.
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With linear interaction term, the sensitivity equal to one is included in the 95% confidence interval except when
excluding 5 outliers but including 3 Bostwana outliers, when Aid/GDP exceeds 5 units.

Figure 7: Coefficient on Aid/GDP as a function of policy without (horizontal line, value 0.034) interaction term or with
for linear interaction term including Bostwana observations (dash line) or not (solid line). The range of the horizontal

axis is the min and max of policy.
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With linear interaction term, the sensitivity equal to one is included in the 95% confidence interval except when
excluding 5 outliers but including 3 Botswana outliers for Policy < -2 or for Policy > 2.



Additional figures with respect to the published paper:

Figure 8: Quadratic interaction term correlation with the simple interaction term.

(Aid/GDP)2*Policy versus Aid/GDP*Policy
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The simple correlation coefficient is 0.92 and the coefficient of determination is 84.6%. The remaining variance of

the residuals (15.4%) is the orginal contribution of the quadratic interaction term to the explanation of the variance

of GDP per head in the multiple regressions of table 1. The largest residual is the observation for Gambia 1986-89.

Figure 9: Correlation of the residuals of figure 10 regression with a dummy for the largest value of these residuals

(Gambia 1986-89).
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The correlation coefficient is 0.57 and the coefficient of determination of this simple regression 32.5%. 32.5% of the

variance of the quadratic interaction term is brought by a dummy for Gambia 1986-89. An alternative specification in

table 1 consists of substituting the quadratic interaction term by a dummy for Gambia 1986-89.



Figure 10 : Linear interaction term: Difbeta of the parameter of aid x policy as a function of aid x policy

Exclude: Gambia86, Gambia90, Nic90: difbeta<0,
Guyana90, Nicaragua86: difbeta>0

Include: Botswana76, 82, 86 and Mali86 difbeta>0
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When excluding 5 outliers, Botswana 78-81, Botswana 82-85 and Mali 86-89 outliers have still a very large positive
influence on the estimated parameter of Aid x Policy according to Belsley, Kuh and Welsch (1980) criterion.

Figure 11 : Linear interaction term: estimated paramer of the Aid x Policy parameter and its p-value as a function of
the absolute value of the difference of aid x policy observations to the mean of aid x policy divided by the standard

error of aid x policy for the full sample (N=275 observations).
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The largest aid x policy value (Gambia86-89) is nearly 8 standard errors far from the mean of aid x policy. Dots
corresponds to a cumulative removal of high leverage observations (observations far from the mean) of aid x policy,
up to 15 observations. The maximal values of the aid x policy parameters and its statistical significance obtain in
removing the 5 outliers with highest leverage but including the next 3 outliers with highest leverage (3 observations
related to Botswana). Once Botswana observations are excluded, the parameter is no longer statistically significant

with values close to zero and finally negative.



