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Abstract  Panel data analysis enables the control of individual heterogeneity to avoid bias in the resulting estimates. 
Using the R software, the fixed effects and random effects modeling approach were applied to an economic data, “Africa” in 
Amelia package of R, to determine the appropriate model. Taking into consideration the assumptions of the two models, both 
models were fitted to the data. The Lagrange Multiplier test (Breusch-Pagan) carried out on the estimates of the random 
model showed that the random model was appropriate for the data, but the model had a low coefficient of determination, R2 of 
0.48697. The fixed effect was then estimated using four different approaches (Pooled, LSDV, Within-Group and First 
differencing) and testing each against the random effect model using Hausman test, our results revealed that the random 
effect were inconsistent in all the tests, showing that the fixed effect was more appropriate for the data. Among the fixed 
effects models, the LSDV showed to be the best fit with an R2 of 0.8851. 

Keywords  Fixed effects, Random effects, Coefficient of determination, Panel data and Hausman test 

 

1. Introduction 
Panel data consists of a group of cross-sectional units who 

are observer over time, [8]. It is a marriage of time series and 
cross sectional data, in other words there will be space as 
well as time dimensions. Some literatures refer to it as 
pooled data (pooling of cross section and times observations), 
longitudinal data (the study of a group of variables over time), 
event history analysis (studying the movement over time of 
subjects through successive states or conditions), cohort 
analysis (studying a particular sect over time) etc. Examples 
of panel data include; annual unemployment rates of each 
state over several years, quarterly sales of individual stores 
over several quarters etc. Panel data are more informative 
(more variability, less collinearity, more degrees of freedom), 
estimates are more efficient it minimizes bias due to 
aggregation, [3]. It allows the study of individual dynamics 
(e.g separating age and cohort effects). It also allows the 
control for individual unobserved heterogeneity; however it 
increases the complexity of the analysis. Panel data can be 
balanced or unbalanced, short or long panel. A balanced 
panel data is one in which each subject (firm, individuals etc) 
has the same number of observations. If each subject has a  
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different number of observations, then we have an 
unbalanced data. In short panel the number of cross-section 
subjects, N, is greater than the time periods T. While in a 
long panel the time period is greater than the number of 
cross-sections [7]. 

Majorly panel data is analyzed using either fixed effect or 
random effect [8]. Researchers are always in the dilemma of 
deciding which one to use. While debates continue within 
about which approach is best for certain situations, [1], [2], 
[19]. 

In this paper we tried to highlight the application of both 
fixed effect and random effect in a particular data set and 
also various tests to determine the more suitable one for the 
data set presented in this work.  

2. The Models 

Panel data it makes conceptual contrasting assumptions 
about effects as either random or fixed, [4]. Our model is 
given by;  

Yit = αi + β1X1it + …+ β4X4it + uit ~IID(0,σ2
u)   (1.1) 

Where X stands for the four Economic and Political 
Indicators in six African Countries, namely; Inflation, trade, 
civil liability and population. i stands for ith Country, i=1,..6 
(Burkina faso, Burundi, Cameroon, Congo, Senegal and 
Zambia.), t stands for tth time period, i=1,..,T (1972-1991). 
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2.1. Pooled OLS Regression Model 

In pooled OLS regression, we simply pool all 
observations and estimate the grand regression, ignoring the 
cross-section and time series nature of the data, in which 
case the error term captures everything. In this model 
because observations were pooled together it camouflages 
the heterogeneity or individuality that exists between the 
variables, [8]. 

Table 1.1.  Pooled Regression model estimates 

Coefficients Estimates Std. error t-value Pr(>|t|) 

Intercept 201.07 130.15 1.5449 0.1251 

Inflation -8.0210 1.3708 -5.8513 0.0000 

Trade 18.4830 1.2355 14.9596 < 0.000 

Civil liability -715.64 170.63 -4.1942 0.0000 

Population 0.00012 0.000014 0.8379 0.4038 

Multiple R2 0.73846 and Adjusted R2 = 0.70769 

F-Statistics 81.1773 on 4and 115 Degrees of freedom 

P-value <0.0000 

2.2. The Fixed Effect Model 

The fixed-effects model controls for all time-invariant 
differences between the individuals, so the estimated 
coefficients of the fixed-effects models cannot be biased 
because of omitted time-invariant characteristics…[like 
culture, religion, gender, race, etc]. Stock and Watson [17], 
gave an insight that if the unobserved variable does not 
change over time then any changes in the dependent variable 
must be due to influences other than the fixed characteristics. 
One of the concerns practitioners raise about the fixed effect 
model is that it eats up too many degrees of freedom, 
resulting in shaky estimates, [1]. This is somewhat of a 
misconception. Another side effect of the features of 
fixed-effects models is that they cannot be used to 
investigate time-invariant causes of the dependent variables. 
That is, one cannot retrieve “good” estimates of sluggish, or 
slowly-changing, variables in the fixed effect model. 
Technically, time-invariant characteristics of the individuals 
are perfectly collinear with the person [or entity] dummies. 
Substantively, fixed-effects models are designed to study the 
causes of changes within a person [or entity]. A 
time-invariant characteristic cannot cause such a change, 
because it is constant for each person.” An important 
assumption of the fixed effect is that, those time invariant 
characteristics is unique to the individual and should not be 
correlated with other individual characteristics. Each entity 
is different therefore the entity’s error term and the constant 
(which captures individual characteristics) should not be 
correlated with the others. If the error terms are correlated 
the fixed effect is not suitable.  

2.3. The Fixed Effect Least-Square Dummy Variable 
Model (LSDV) 

Given eqn1.1, each country i has T observations and there 

are i=1,…,6 countries. Several kinds of fixed effects differ in 
the assumptions about, the intercept and the slope 
coefficients. Introducing dummy variable is the simplest 
method of isolating individual or time specific effect in a 
regression model. The individual effect is picked up by the 
dummy variable Dmi where m = n-1. 
  Fixed effect model with dummy variables, where 

intercepts are different for different countries 𝛼𝛼𝑖𝑖 , but 
each individual intercept does not vary over time.  

Yit = αi + β1X1it + …+ β4X4it + uit     (1.2) 
Since the number of countries are N = 6 we have; 

Yit = α0 + α1D1i +α2D2i +α3D3i +α4D4i +α5D5i 
+ β1X1it + …+ β4X4it + uit        (1.3) 

Where the dummy variables are defined thus; 
D1i={1

0
  i=1

otherwise 
D2i={1

0
  i=2

otherwise 
D3i={1

0
  i=3

otherwise 
D4i={1

0
  i=4

otherwise 
D5i={1

0
  i=5

otherwise 

Table 1.2.  LSDV model Estimates 

Coefficients Estimates Std. error t-value Pr(>|t|) 

Intercept -89.93 172.20 -0.522 0.602510 

Burundi 252.30 95.99 2.628 0.009816 

Cameroon 483.0 73.28 6.591 <0.0000 

Congo 1373.0 135.3 10.150 < 0.0000 

Senegal 529.7 91.04 5.819 <0.0000 

Zambia 488.90 111.40 4.387 0.0000 

Inflation -5.519 1.446 -3.816 0.000225 

Trade 8.248 1.593 5.176 0.0000 

Civil liability -257.8 164.0 -1.572 0.118849 

Population 0.000049 0.00001631 3.007 0.003273 

Multiple R2 0.8851 & Adjusted R2 = 0.8757 

F-Statistics 94.19 on 9 and 110 degrees of freedom 

P-value <0.0000 

  Fixed effect model with dummy variables, where 
intercepts are different for different time periods 𝛼𝛼𝑡𝑡 ,  

Since the number of countries T = 20 we have; 
Yit=𝛼𝛼0+𝛼𝛼1D1t+𝛼𝛼2D2t +…+𝛼𝛼20D20t+β1X1it +…+ β4X4it+uit(1.4) 

The number of interaction terms is number dummy 
variables and number of explanatory variables 
  Fixed effect model with dummy variables, where both 

intercept and slope vary over individuals and time, this 
requires a lot of variables. 

2.4. Fixed Effects Within-Group Model 

The technique of including a dummy variable for each 
variable is feasible when the number of individual N is small. 
However if the number of individual is large this will not 
work, because there will be too many dummy variables. To 
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estimate fixed effect with large sample size we have, for the 
regression model below; 

yit = αi + βxit + uit             (1.5) 
Averaging over time gives; 

𝑦𝑦�𝑥𝑥. = αi + βẍi. + ūi              (1.6) 
Where 𝑦𝑦�𝑥𝑥. = T-1 Σi yit and ẍi = T-1 Σi xit 
Therefore subtracting equation (1.8) from (1.7) gives; 

yit−𝑦𝑦�𝑥𝑥. = β(xit−ẍi.)+(uit− ūi.)        (1.7) 
This gives rise to the transformed model 

ÿit = üit + β ẍit              (1.8) 
Where; ÿit = yit − 𝑦𝑦�𝑥𝑥., üit = uit − ūi. and ẍit = xit − ẍi. 
Fixed effect within group estimator for β is; 

(ΣT
t ΣN

i ẍit (ẍit)´)-1 ΣT
t ΣN

i (ẍit) (ÿit)      (1.9) 
We can see in eqn (1.7) that by subtracting the means we 

have restricted all of the action in the regression 
within-group. Thus we have eliminated the key source of 
omitted variable bias that is the unobservable across-group 
differences [11].  

Table 1.3.  Within-Group Model Estimates 

Coefficients Estimates Std. error t-value Pr(>|t|) 

Inflation -5.5189 1.4464e + 00 -3.8156 0.0002 

Trade 8.2476 1.5934e + 00 5.1762 0.0000 

Civil liability -257.81 1.6401e + 02 -1.5719 0.1188489 

Population 0.000049 1.6313e – 05 3.0067 0.0032732 

Multiple R2 0.30335 and Adjusted R2 =0.27807 

F-Statistics 11.9745 on 4 and 110 

P-value 0.0000 

2.5. The Fixed Effect First Difference Model 

The first difference estimator wipes out time invariant 
omitted variables using the repeated observations over time, 
[4]. 

yit = αi + βxit + uit, t = 1…T       (2.0) 
yit-1 = αi + βxit-1 + uit-1, t = 2…T     (2.1) 

Differencing both equations, gives the model 
∆yit = yit− yit− 1= ∆ xit β+∆ uit, t =2…T 
(which removes the unobserved αi).      (2.2) 

The First Difference estimator β= (∆X´∆X)-1∆X´∆y 

Table 1.4.  First Difference Model Estimates 

Coefficients Estimates Std. error t-value Pr(>|t|) 

Inflation -1.3278 1.3369 -0.9932 0.3228 

Trade 8.3734 0.9724 8.6111 0.0000 

Civil liability 95.878 152.80 0.6275 0.5317 

Population 0.000005 0.000011 0.3891 0.6980 

Multiple R2 0.40631 and Adjusted R2 =0.38849 

F-Statistics 18.6492 on 4 and 109 

P-value < 0.0000 

2.6. Random Effects Model 

The rationale behind random effects model is that     
the individual-specific effect or variation across entities    
is assumed to be a random variable that is uncorrelated  
with the predictor/explanatory variables: “…the crucial 
distinction between fixed effect and random effect is 
whether the unobserved individual effect embodies 
elements that are correlated with the regressors in the model, 
not whether these effects are stochastic or not” [6]. An 
advantage of random effects is that you can include time 
invariant variables like gender, unlike in fixed effect, where 
the intercept absorbs all the time invariant variables. Here 
the individual’s error term is not correlated with the 
predictors which allows for time invariant variables to play 
a role as explanatory variables. By specifying the intercept 
parameters αi (in equation 1.7) to consist of a fixed part  
that represents the population average (ᾱ) and a random 
individual difference from the population average, eit, this   
is broken down as: αi= ᾱ + eit. The random individual 
differences eit called the random effects, are analogous to 
random error terms, and it is assumed that they have zero 
mean, are uncorrelated across individuals and they also are 
assumed to have constant variance, σ2

e, so that; E(ei) = 0, 
cov(ei ej) = 0 and var(ei)= σ2

e if this is substituted in 
equation 1.7, we will have;  

yit = ᾱ + eit + βxit + uit         (2.3) 
Rearranging we have; 

yit = ᾱ + βxit + vit            (2.4) 
where, vit is the combined error term (eit+uit), because of this 
combined error term, this model is often referred to as error 
component model. The random effects allow the 
generalization of the inferences beyond the sample used in 
the model. The random effects model is a “partial pooling” 
approach, with the effects of X1ij and X2ij being a weighted 
average of the within and between-cluster variation in the 
data [5], [8], [9], [15]. The random effects approach, and  
the more generalized random coefficient model, is widely 
used in analyses of panel data (with large N relative to T)  
and multilevel data [12], [16]. A major complaint lodged 
against the random effects model relates to the restrictive 
assumption that level-1 independent variables be 
uncorrelated with the random effects term: Cov(Xij, u0j) = 0. 
Since a level-1 variable varies both within and between 
clusters, many argue that this an unrealistic assumption    
to satisfy, since unobserved heterogeneity will almost  
always be correlated with the independent variables. This 
controversial assumption often makes the fixed effect model, 
which does not incorporate this assumption, a superior 
choice over the random effects model [1], [10], [19]. 

3. Tests 
3.1. Random Effects Test 

Hill [8], showed that the two errors are correlated over 
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time for a given individual but are otherwise uncorrelated. 
They went further to say that the correlation is caused by the 
component of ei that is common to all time periods and it is 
constant over time and does not decline as the observations 
get further apart in time. This correlation ρ= σ2

e/ (σ2
u+ σ2

e),  
it gives the proportion of the variance in the total error term 
vit that is attributable to the variance of the individual 
component et. Hill [8] stated that the magnitude of the 
correlation ρ is a very important aspect of the random effects, 
if σ2

e =0 it means ρ = 0 and there is no random individual 
heterogeneity present in the data. The presence of individual 
heterogeneity can be tested by testing the null hypothesis.  

H0: σ2
e Vs H1: σ2

e > 0. If the null hypothesis is rejected, 
then we conclude that there is individual heterogeneity that 
means that the random effects model is appropriate. The 
Lagrange Multiplier principle is most convenient and 
appropriate for testing for individual heterogeneity. The test 
statistic is due to Breusch and Pagan and is given for 
balanced as; 
LM = NT/2(T− 1){[(ΣN

i=1(ΣT
t=1êit)2)/(ΣN

i=1ΣT
t=1ê2

it)] − 1}(2.5) 
[8], where N is total observations and T is the total time 

period, LM~χ2
(1) if the hypothesis is true. The null hypothesis 

is rejected and the alternative accepted if LM ≥ χ2
(1-α,1) and 

the conclusion is that there is presence of random effects. 

Table 1.5.  Random Effects Model Estimates 
Coefficients Estimates Std. error t-value Pr(>|t|) 

Intercept 328.60 164.83 1.9936 0.0485639 
Inflation -6.1007 1.5335 -3.9784 0.0001217 

Trade 13.790 1.4933 9.2348 <0.0000 
Civil liability -388.35 177.06 -2.1933 0.0302994 

Population 0.000017 0.000016 1.0448 0.2983223 
Multiple R2 0.48697 and Adjusted R2 =0.46668 
Chi-square 57.455 

P-value 3.456e-14 

3.2. Hausman’s Test 

Using the Hausman’s test we compared the random effects 
model to the fixed effects models, the results are shown in 
the table (1.6), the table shows that the random effects model 
was inconsistent when compared to the pooled regression 
model, LSDV model, First difference and Within-Group 
fixed effect model.  

Table 1.6.  Hausman’s test 

Test Chi-square 
value DF P-value Conclusions 

Random Vs Pooled 
model 36.9566 4 0.0000 Inconsistent 

Random Vs First 
Difference 79.7329 4 0.0000 Inconsistent 

Random Vs 
Within-Group with 
Dummy Variables 

76.8166 4 0.0000 Inconsistent 

4. Results 
The least square estimates for the pooled data is given in 

table (1.1). From the table the country intercepts vary 
considerably, suggesting that the assumption of differing 
intercepts for different countries is appropriate. To confirm 
this fact we ran the following test for the hypothesis below. 

Ho: β11 = β12 = … β1N  
H1: Atleast one β1i is different 
The value for F-statistic = 81.1773, yielding a p-value of 

2.2e-16; the null hypothesis that the intercepts are equal for 
all countries was rejected. Based on the differences in the 
country intercepts, we conclude that the data should not be 
pooled.  

The Lagrange Multiplier test (Breusch-Pagan) carried out 
on the estimates of the random model showed that the 
random model was appropriate for the data, with a chi-square 
of 57.455 and a P-value of 3.456e-14, showing that random 
effects were present, but the estimates of the random effects 
model shown in table (1.5), with an R2 of 0.48697 tells us 
that the random model is not a very good fit for the data. We 
then applied the fixed effects models. Adopting the LSDV 
model given in equation 1.3, table (1.2) shows the estimates 
for LSDV model, also Table (1.4) shows the estimates of the 
first difference model with an R2 of 0.40631and also table 
(1.3) shows the estimates of within group model with an R2 
of 0.30335.  

5. Conclusions 
The Lagrange Multiplier test (Breusch-Pagan) carried out 

on the estimates of the random model showed that the 
random model was appropriate for the data, but the model 
had a low coefficient of determination, R2 of 0.48697. The 
fixed effect was then estimated using four different 
approaches (Pooled, LSDV, Within-Group and First 
differencing) and testing each against the random effect 
model using Hausman test, our results revealed that the 
random effect was inconsistent in all the tests, showing that 
the fixed effect was more appropriate for the data. Among 
the fixed effects models, the LSDV showed to be the best fit 
with an R2 of 0.8851.  
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