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Abstract. In this paper, we consider the meta-analysis approach as a special case of 

multilevel modelling in order to identify the potential sources of dissimilarities among 

pre-election poll accuracy measures. The predictive accuracy measure is computed to 

compare the pre-electoral poll result to the actual result. It is introduced in a 

hierarchical model as a dependent variable and the poll characteristics as explanatory 

variables. In the model each outcome is affected by a specific sampling error assumed 

to have a normal distribution and a known variance. Employing such a multilevel 

approach, we conduct a meta-analysis of pre-election poll accuracy measures in 

Parliamentary elections in Italy from 2001 to 2008.  
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1. MULTILEVEL APPROACH IN META-ANALYSIS 

This paper addresses the topic of meta-analysis as a secondary method of 
research in the analysis of pre-election polls. Specifically, we are interested in 
analysing the predictive accuracy of poll results according to a multilevel 
approach in meta-analysis (Hox and de Leeuw, 2003).  

The core of meta-analysis is focused on statistical techniques to summarize 
and integrate a large collection of results from several empirical studies (Wolf, 
1986). Meta-analysis methods can identify relational patterns or explain the 
variance among outcomes of each study (Higgings et al., 2002, 2003). 

Through meta-analysis, researchers collect data from a set of published 
independent studies concerning the same research question in order to 
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synthesize all the results in a common metric called effect size (Borestein , 
2009; Koetse  2010; Sutton , 2000). The most important aim is to 
compute an estimation of effect size over all the studies, so the statistical 
analyses conducted in meta-analysis can answer the following questions: what 
is the average effect size over all the studies? Is the average effect size 
statistically significant? Is there heterogeneity among the effect size estimates? 
If the effect estimates are not homogeneous, which of the independent variables 
can explain the variance? (Sànchez-Meca and Marìn-Martìnez, 2010). 

The main task of the statistical model is to establish the properties of the 
population effect size from which the individual effect size estimates have been 
selected. Therefore, we can more accurately estimate the true effect size as 
opposed to a less accurate effect size derived in a single study under given 
assumptions (Hedges and Olkin, 1985).  

According to the assumptions, in meta-analysis we use different statistical 
models in order to specify the relationship between explanatory variables and 
dependent variables (Ellis, 2010). To accomplish this, we can compute an 
average effect size employing fixed or random effects models (Borenstein 

, 2009).  
In meta-analysis, specifying a fixed effects model, we assume that the true 

effect size is always the same across all the studies.  
In formula: 

                                                    = +                                            (1) 

where: 
  is the outcome of study  ( = 1,..., J)  
 is the population value of the outcome of the th study  
 is sampling error for this -th study.   

As a consequence, the only error source is that produced by random 
sampling error or error  studies, assumed to have normal distribution 
with known variance  (Hox and de Leeuw, 2003). 

Although we can suppose that the effect size will be similar, we cannot 
assume that it will be identical. The effect across the studies is not the same or a 
single true effect size; rather, we can estimate different effect sizes across all 
the studies. In this latter case, we can specify a random effects model, in which 
the effect size, obtained from each primary study, is estimated as a mean of a 
distribution of different true effect sizes  across the studies, with an error term 
which is variance between studies. The observed effect  in (1) is sampled 
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from a distribution of effects with true effect  and variance  (Hunter and 
Schmidt, 2004). In turn,  is a function of the mean of all true effects ( ) plus 
between studies error ( ).  

Formally: 

                                            = + .                                                 (2) 

Thus, it is possible to rewrite (1) as: 

                                                        = + +                                           (3) 

where: 
  is the effect observed in the th study  
  is the estimate for the mean outcome across all the studies 
  is between studies residual error term 
  is within studies error term.  

This is a model with no explanatory variables -  or  
model (Bryk and Raudenbush, 1992) - equivalent to the random effects model 
for meta-analysis (Hedges and Olkin, 1985), in which the variance of the 
residual errors  not equal to 0 and significant indicates that the outcomes 
across the studies are heterogeneous.  

Thus, in the model the effect size estimates are affected by two sources of 
error: random sampling error or within studies error ( ) and variance among the 
true effect sizes or between studies error ( )  

In our study, we attempt to identify the potential sources of differences in 
pre-election poll results in a meta-analysis study of predictive accuracy 
measures, according to a random effects model for meta-analysis, considered as 
a  case of multilevel modelling (Bryk and Raudenbush, 1992).  

We find this approach appropriate because a meta-analysis study can be 
regarded as a hierarchical structure where each poll result is a level-  unit and 
the poll is a level-  unit.  

2. STANDARD VS. NON STANDARD MULTILEVEL MODELLING 

If in the standard multilevel model, the dependent variable is referred to the 
level-  units nested in level-  units (Kreft, 1998; Snijders  1999; 
Goldstein, 2003), in the multilevel approach to meta-analysis the dependent 
variable is the effect size of -study. In the latter, we do not use raw data of 
primary level-  units but only summary statistics - .: -value, mean, 
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correlation coefficient, odd-ratio, ecc. - these vary across studies which are the 
level-  units (Hox and de Leeuw, 2003).  

Following an approach based on random effects models as well as 
multilevel modelling (Hox, 2010), we can separate the variance of study 
outcomes into two components:  
 within studies variance as sampling variance  
 between studies variance, due to the differences across the study results, 

computed in our application as predictive accuracy measures.  

If the between variance is statistically significant, we can conclude that the 
study outcomes are heterogeneous. In traditional meta-analysis, we proceed to 
classify studies in homogeneous clusters on the basis of study characteristics, 
assumed as predictors of variance across the studies. In order to explain the 
variance of study results, we introduce into the model some available 
methodological features of the studies as independent variables.  

Hence, to explain the heterogeneity of the dependent variable across the 
studies - in our analysis the predictive accuracy measure - we need to include in 
the model such explanatory variables as predictors. Estimating the effect size in 
the case of heterogeneous expected results by means of multilevel modelling is 
simpler than by traditional meta-analysis methods. This is because a multilevel 
approach is more flexible (Hox and de Leeuw, 2003).  

We can also avoid the clustering of studies due to heterogeneous effect 
sizes across the studies. Hence, we do not need to identify any variable defining 
the membership of studies to a cluster. Furthermore, in the multilevel model we 
can include the study features as explanatory predictors of the differences found 
in accuracy measures.  

Employing a multilevel approach, (2) can be written as follows: 

    = + + +. . . + +                         (4) 

 

where: 

  is the effect size assumed as varying across the studies 
 is the mean of all true effects 
 Z are covariates as explanatory variables (study features) 
  are the coefficients 
 is the error term, representing the differences across the studies, assumed 

to have normal distribution with known variance . 

By substituting equation (4) into equation (1), the model can be written as:  
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                                      d = + Z + Z +. . . + Z + u +   .          (5) 

So, the effect size estimate  depends on study features Z , on the error 
term  and on the sampling error of each study . The variance of  ( ) 
could be considered as level-  variance and indicates how much the outcomes 
vary across the studies.  

Following the meta-analysis approach, in order to specify a multilevel 
model explaining the variance between studies, we have to test the statistical 
significance of the heterogeneity across the studies (Koets , 2010).  

Firstly, we estimate an  model (3) to check the homogeneity of 
outcomes, testing a null-hypothesis where the variance of the residual errors 

 is equal to 0.  

In meta-analysis with small samples and small variances, the Wald -test is 
inaccurate for testing the variances (Hox and de Leeuw, 2010). It is, in fact, a 
large-sample test and in meta-analysis we rarely have more than 20 studies and 
large variances. Moreover, it is based on the assumption of normality and the 
variances have a 2-distribution with  = , where  is the number of studies 
and  is the number of covariates introduced into the model.  

Hence, we have to compute the deviance difference 2-test on the variances 
based on the sum of the squared residuals divided by their sampling variances 
or standard errors.  

Formally:  

                =
. .

  .                                (6) 

The 2-test on the residuals for the empty model is equivalent to the 2-test 
on the variances in classical meta-analysis (Hox and de Leeuw, 2010).  

If the null hypothesis is rejected, it is important to estimate the proportion 
of variance due to the study characteristics. That is, how much of total variance 
is explained by variance between the level-  units? 

The proportion of systematic variance between studies, as in traditional 
multilevel modelling, can be estimated by the  intra-class correlation 
coefficient ( , computed as the ratio between the level-  variance  and 

the total variance ( + ).  In formula: 

                                              =                      (7) 
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In standard multilevel modelling, we introduce level-  and also level-  
explanatory variables and, as a consequence, the specified model could reduce 
both first and second level variance.  

In multilevel meta-analysis we have only level-  variables. In this case we 
can calculate just the level-  variance. A reduction of  indicates how 
considerably covariates (the features of the study) affect this variance (Hunter 
and Schmidt, 2004). 

In our study, employing a multilevel approach in meta-analysis, we aim to 
test statistically significant relations between the pre-election poll accuracy 
measures as dependent variables and poll features as explanatory predictors.  

 

3. THE Aij ACCURACY MEASURE  

Unlike other sample surveys, for pre-election polls we can make comparisons 
between poll results and actual voting results. Hence, the accuracy of predicted 
outcomes is verifiable (Todorov , 2005). 

Comparing data drawn from pre-election polls with real electoral results is 
a problem both due to error uncertainty and differences in inherently dissimilar 
data collection: intentions to vote in a sample of voters and the tally of all valid 
ballots.  

If we wish, however, to compare polls and election data, some assumptions 
have to be satisfied. For pre-election poll data, we suppose that how poll 
respondents indicate they will vote and how they actually do vote in a 
subsequent election will correspond. Furthermore, even if in the election 
respondents vote differently to how they indicated in the poll, these 
dissimilarities - due, for example, to  or  effect – will 
cancel each other out in the final count (Geys, 2006). 

Firstly, we have to define poll accuracy. If a poll result reflects the same 
distribution of voting preferences as happens in the following election, we have 
an accurate predictor. The more a predictor of an election outcome is able to 
provide unbiased estimates of electoral preferences, the more accurate it is. 

We must take into account the fact that a poll could be affected by 
sampling errors or other faults, which could lead to an inaccurate poll result. 
Nevertheless, pre-election estimates based on voting preferences at the time of 
the poll could also be a biased predictor of an election result, due to changes in 
voting preferences in the time between the poll and the election. 
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2 Aij measure is not affected by the size of the undecided voter category. Furthermore, it is
standardized for the real election result. So, it is possible to study by the means of a meta-
analysis approach the origin of bias of the polls across different elections according to sort of
elections and time.

In order to measure how accurate a poll outcome is, we choose to use a Aij 
poll accuracy measure as a predictor of an election result. By transforming poll 
outcomes into accuracy measures, we standardize all results thus making them 
comparable to one another. 

 Aij measure was used for the first time to assess the predictive ability of 
pre-election polls in the U.S. Presidential elections of 1948, 1996, 2000 and 
also in the 2002 election for the Offices of Governor and Senator (Martin et al., 
2005).  

Aij measure2 is computed as the ratio obtained by dividing two odds:  

                               = log (1 )] / [ (1 )                           (8)
 where: 

 sij is the proportion of respondents favoring the s-competitor (party, 
coalition or candidate) in the i-th poll referring to the j-th population 

 1-sij is the proportion of respondents favoring all other competitors in the 
same i-th poll, for the same j-th population 

 Sj is the real proportion of votes polled by the same S-competitor in the 
same j-th population   

 1-Sj the actual proportion of votes polled by all other competitors in the 
same j-th population.   

Dividing the poll odds by the election odds, we can obtain the value of the 
odds ratio and, thus, the value of the Aij measure as the natural logarithm of the 
odds ratio between the number of respondents who declare their intention to 
vote for the sij competitor and those who intend to vote for all the others (1-sij) 
in the i-th poll and for the j-th population, and the real number of votes for each 
of the two groups (Sj  and 1-Sj) in the following election. 

Apart from the expected values of odds ratio other than 1, due to known 
sampling errors, values that exceed sampling errors can be regarded as real bias 
affecting the i-th poll. If the odds ratio value is greater than 1, this indicates a 
poll that favoured the sij competitor compared to the actual result of the same 
competitor: the poll referred to an overestimated proportion of votes to the sij 
competitor in relation to the actual result. Conversely, an odds ratio less than 1, 
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implies a poll that favoured (1-sij) competitor compared to the election votes for 
that competitor. 

The farther the value of odds ratio is from 1, the worse the predictive 
ability of the poll is. On the other hand, when the odds ratio is close or exactly 
equal to 1, the odds of the pre-election poll accurately predict the official 
results. As a consequence, the distribution of voter preferences between the 
competitors is the same. 

One weakness of the odds ratio is that it can only be applied to political 
systems with two parties (or two multi-party coalitions) as the major 
competitors. Another weakness is linked to the interpretation of bias because 
the logarithm changes the scale of the measurement. Also, the odds ratio 
ignores undecided voters, implicitly assuming their distribution among 
parties/coalitions as proportional. A further assumption is that the distribution 
of results is normal. If these assumptions are wrong, the logarithmic 
transformation of the odds ratio could be used (Bryk et al., 1992). 

The transformation of the odds ratio by calculating its natural log is used to 
create a symmetric measure around 0 and to simplify the computation of the 
variance (Fay in Martin et al., 2005), taking into account the sampling error of 
the poll measure, assuming normal distribution with known variance.  

Let sij and 1-sij be random variables, where sij is the proportion of 
respondents preferring the sij-competitor and 1-sij is the proportion of 
respondents who do not prefer the sij-competitor, in the i-th poll referring to the 
j-th population with sample size nij, with [sij + (1-sij)] = 1.  

Let p(sij) be the probability of preferring the sij-competitor and [1-p(sij)] be 
the probability of not preferring the sij-competitor. The covariance matrix (Cov) 
of the vector [sij, (1-sij)] is: 

   =  
( ) · [ ( )] ( ) · [ ( )]

( ) · [ ( )] ( ) · [ ( )]
     (9) 

so that the relative covariance matrix (RelCov) is: 

  =  
[ ( )]  ( )

( ) / [ ( )]
   (10) 

We can assume the RelCov matrix as a generalization of the relative 
variance, because it is the square of the coefficient of variation.  

Hence, only for random variables with expected non-negative values, we 
have: 
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3 We are very grateful to Bob Fay for the explanation.

                                      RelVar (Y) = Var (Y) / (E (Y))2 .                                (11) 

In order to determine the RelCov matrix, cell by cell, we can define the 
RelCov of  X-variable and Y-variable as: 

                            RelCov (X,Y) = Cov (X,Y) / (E (X) · E (Y))  .                  (12) 

 Using Taylor series approximations3, the result is: 

                  RelVar (X,Y) = RelVar (X) + RelVar (Y) – 2 RelCov (X,Y)  .        (13) 

 In Fay’s opinion, we can get the same answer again, by using linear 
approximations based on Taylor series without taking the Relcov approach.  

Dropping the subscripts, we obtain: 

Var log [(sij / (1-sij)) / (p(sij) / (1- p(sij))]  = 

=[1/p(sij)]2 ·Var(sij)+[1/(1-p(sij)]2 ·Var(1-sij)–2· (1/sij) ·[1/(1-sij)] ·Cov[sij,(1-sij)]= 

= 1 / nij·p(sij) · [1-p(sij)]  · [1-p(sij)] + p(sij) 2  = 

                                            = 1 / nij·p(sij) · [1-p(sij)]  .                                  (14) 

So, the variance of Aij measure (8) for each i-poll is computed as: 

                                          Var (Aij) = 1 / [nij ·  sij · (1-sij)]  .                             (15) 

Aij measure may take on positive, negative or null values. A positive value 
indicates a sij bias. If the Aij measure value is negative, the poll is biased by an 
overestimated share for (1-sij) compared to (1-Sj) election result. The Aij 
measure is equal to 0, when the odds ratio is equal to 1. This last result occurs 
only if the poll result and the real voting result are exactly the same.  

To explain the variance of the measure, we can use Aij as a dependent 
variable and the poll features as predictors.  

We can therefore assess if there are significant relationships between the 
ability of the poll to predict the election results and the characteristics of the 
poll (Martin et al., 2005), including referred territorial area, customer, sampling 
procedures, survey methods, time poll period, sample size, number of days 
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from poll to election, vote gap between the two competitors, polling agency, 
type of election, etc.    

In this study, we propose a meta-analysis of poll predictive accuracy 
measures in order to analyse their variance in a dataset of pre-election polls. 
The polls were conducted before the elections of members to the Camera dei 
Deputati (the lower House of Italian Parliament) from 2001 to 2008 and 
published on the official website: www.sondaggielettorali.it. 

4. META-ANALYSIS OF PRE-ELECTORAL POLL ACCURACY 

In this Section, we analyse 42 pre-election polls conducted in the week before 
the fortnight press blackout before the elections.  

In Table 1, we show the descriptive analysis of variables employed in this 
application.  From 2001 (7 polls) to 2008 (24 polls), the number of polls 
 

Table 1: Descriptive analysis of poll characteristics. 

Categorical variables 
Variables Categories Count % 

Year 2001 7 16.721 
2006 11 26.213 

  2008 24 57.145 
Area National 33 78.623 

Regional 7 16.712 
Other 2 4.821 

Customer Agency 11 26.242 
Mass media 29 69.002 

Political organisation 2 4.854 
Survey method CATI 28 66.712 

CATI + CAWI 7 16.702 
CAWI 5 11.934 

  CASI 2 4.811 
Electoral winner Centre-Right (DX) 31 73.825 

Centre-Left (SN) 11 26.223 
  Total 42 100.000 

Continuous variables 
Variables Mean S.D. 

Poll period 9.123 29.116 
Sample size (n/N) 0.002 0.009 
Predicted gap 6.595 4.000 
Days from poll to election 21.123 4.299 
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increases considerably. Most polls (33 of 42) were conducted over the whole  
nation. Mass media commission more polls than other customers (29). The 
most used survey method (28 of 42 polls) was CATI. In 31 of 42 polls, the 
Centre-Right was the winner in the election referred to. 

The mean of poll periods was 9.12 days. On average the samples were 
composed of 1.7 persons per 1000 people on the electoral rolls. The predicted 
average gap between the Centre-Right coalition and the Centre-Left coalition 
was 6.6 points. The number of days from poll to election was 21.1 on average. 

In order to assess the accuracy of each poll, we compute the accuracy 
measure by employing the formula (8). Figure 1 shows the distribution of 
accuracy measures in the 42 polls computed for the Centre-Right coalition 
(AccDx) and the Centre-Left coalition (AccSn).  

On average, we note that the Centre-Right electoral outcome is 
underestimated (-0.0432), while the Centre-Left coalition performance is 
overestimated (0.0754).  

 

 

     Figure 1: Distribution of accuracy measures for the two coalitions. 

Over the period of the elections considered, we observe an improvement in 
the ability of polls to accurately forecast results. Figure 2 shows average 
accuracy measures computed for the elections. For the election in 2008, 
accuracy measures computed both for the Centre-Right coalition and for the 
Centre-Left coalition are very near to 0. This could be due to an improvement in 
the quality of the methods used to conduct the pre-election polls such as 
sampling techniques, survey methods, etc.  
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     Figure 2: The trend of accuracy measures for the two coalitions. 

 
In order to evaluate the relationship between poll characteristics and 

accuracy measure, a meta-analysis is conducted according a multilevel 
approach. 

As the first step, we specify an empty model with the aim of checking 
heterogeneity across the polls as level-  units. As the dependent variable, we 
choose the accuracy measure for the  coalition computed as shown 
in the formula (8). Formally the model is:  

                                           = + +                     (16) 

where: 
  is the accuracy measure for  coalition in the -th poll  
 0 is the estimate for the mean accuracy measure across all polls 
  is the residual term for the -th poll 
  is the sampling error for the -th poll computed by formula (15). 

Table 2 shows the output of the  model4. The value of the intercept 
(0.078) is significant ( 0.023) and confirms the overestimation of the 

 result previously observed (Fig. 1).  
The random component ( ), furthermore, indicates how much the 

accuracy measures vary across the polls. It is estimated as 0.047. In order to test 
the homogeneity of accuracy measures across the polls, we compute the 
deviance difference 2-test on the residuals to check for a null hypothesis where  
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Table 2: Empty model:  = Accuracy of Centre-Left coalition (AccSnj).

Figure 3: Poll level residual plot (confidence intervals: 95%) of empty model. 
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Figure 3: Poll level residual plot (confidence intervals: 95%) of empty model.
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Table 3: Complete model:  = Accuracy Centre-Left coalition ( ). 
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All of the survey methods introduced in the model, compared to the CATI 
method, appear to have a positive relation to accuracy. The greater the sample 
size (0.033) and the longer the survey period (0.055), the more accurate the poll 
is. The fewer days from poll to election (-0.019) and the greater the predicted 
gap (0.024) between the two coalitions, the more accurate the forecast is.  
Finally, if the winner is the Centre-Left (-0.217), the accuracy measure 
decreases more than in elections won by the Center-Right coalition. Moreover, 
in the complete model the variance between the polls  is reduced from 

0.047, observed in the empty model, to 0.007. The value of the deviance 
difference test is notably reduced from 1089.7 in the empty model, to 165.73 
and it also remains statistically significant. In addition, the proportion of 
systematic variance is reduced from 0.90 to 0.57. 

Comparing the poll residuals of the complete model, plotted in Figure 4, 
with the poll residuals of the empty model (Figure 3), we note that only two 
intervals do not contain 0. 
 

Figure 4: Poll level residual plot (confidence intervals: 95%) of complete model. 

5. CONCLUSIONS  

At this point, we are able to draw some conclusions about the empirical results 
achieved by the proposed application and make some suggestions on the 
multilevel methodological approach in meta-analysis. 

The use of accuracy measures has made it possible to detect the predictive 
ability of each poll with a single value.  

Specifying a random intercept model has allowed us to estimate the 
random component of the variance between the polls and to test the statistical 
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