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1 Introduction

Dynamic panel data models can be used to address serial correlation, control for pretreatment

trends, and reflect partial adjustment mechanism. Specifically, a panel data model is dynamic

if it includes one or more lagged terms of the dependent variable as explanatory variables.

Though it is a strong tool, caution needs to be taken when estimating DPD models with an

individual fixed effect because the standard OLS estimator causes biased estimates. In this

paper, we introduce the source of the bias in detail and explore estimators that help correct for

the bias. We also compare the efficiency of these estimators with an empirical example.

2 Dynamic Panel Data Models and Nickell Bias

Consider the following panel data model:

Yit = β0 +β1Xit +β2Xi +ui + vt + eit , ∀i, t (1)

where Xit is the explanatory variable of interest for individual i at period t, Xi is the observed

time-invariant individual characteristics, ui is the unobserved individual characteristics, vt the

time fixed effect, and eit the error term.

Suppose the error term has first-order serial correlation (i.e. eit = ρei,t−1 + εit). Then the

equation (1) can be rewritten as:

Yit = β0 +β1Xit +β2Xi +ui + vt +ρei,t−1 + εit , ∀i, t ρ 6= 0 (2)

where εit refers to a stochastic error term.

In this scenario, we can replacing ui,t−1 with yi,t−1. This addresses the serial correlation as
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the new error term εit is i.i.d.

Yit = β0 +ρYi,t−1 +β1Xit +β2Xi +ui + vt + εit , ∀i, t ρ 6= 0 (3)

However, E[ui|Xit ] is likely to be non-zero, so estimating the equation using the OLS

method leads to biased estimates of the parameters. However, since u′is are time-invariant,

we can deal with them by treating them as parameters to be estimated. There are largely two

ways to do so. First, we can use the deviations-from-means operator. Define Yi. =
1
T ∑

T
t=1Yit ,

Yi.−1 =
1
T ∑

T−1
t=0 Yit , and εi. =

1
T ∑

T
t=1 εit . Then deviations-from-means transformation yields:

Yit−Yi. = ρ(Yi,t−1−Yi.−1)+β1(Xit−Xi.)+ vt +(εit− εi.), ∀i, t ρ 6= 0 (4)

Note that now ui has been removed from the model.

Another way is to take the first difference of each term. Then the equation (3) becomes:

∆Yit = ρ∆Yi,t−1 +β1∆Xit +∆εit ,∀i, t ρ 6= 0 (5)

However, both of these fixed effects estimators generate bias because there is a correlation

between Yi,t−1 and the error term. To be specific, in the deviation-from-mean model, there

is a correlation between Yi,t−1 and εi. since εi. includes εi,t−1 (Remember, εi. =
1
T ∑

T
t=1 εit).

Similarly, it is evident that the correlation exists in the first-difference estimator model since

∆Yi,t−1 and ∆εit are correlated. Since the error term is no longer exogenous, the estimates of

the parameters are biased, and the bias is called “Nickell Bias" (Nickell, 1981).
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3 Correction of Nickell Bias

The Nickell bias can be addressed by using appropriate instrument variable(s). First, Ander-

son and Hsiao (1981) suggests using Yt−2 or (Yt−2−Yi,t−3) as instruments for ∆Yi,t−1 in the

first-difference model. Since Yt−2 is correlated with ∆Yi,t−1 and is uncorrelated with the error

term ∆εit , it satisfies the relevance and exogeneity requirements for a valid instrument variable.

When Yt−2 is used as an instrument, the instrument matrix Zi is:

Zi =



.

Yi,1

...

Yi,T−2


where the first row corresponds to t = 2, and the value is missing since the first observation is

lost in applying the first-difference estimator.

Similarly, when (Yt−2−Yi,t−3) is used as instruments, the instrument matrix becomes:

Zi =



. .

Yi,1 .

... ...

Yi,T−2 Yi,T−3


where the second period only has one instrument since it only has one lagged term.

Arellano and Bond (1991) expanded the idea and suggested including all the lag-level terms

that are available. This way, the model can make use of all the exogenous variations in y, which

makes the estimator significantly more efficient. The instrument matrix form of the estimator

is as follows:
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Zi =



0 0 0 0 0 0 ...

Yi,1 0 0 0 0 0 ...

0 Yi,2 Yi,1 0 0 0 ...

0 0 0 Yi,3 Yi,2 Yi,1 ...


That is, the number of instruments varies by periods. For observations in the earlier periods,

there are less instruments since they have fewer lags, while for observations in the later period,

they have more IVs as there are more lags available. Also note that the missing values have

been replaced by 0, which helps prevent losing degrees of freedom due to the inclusion of the

lags (Holtz-Eakin et al., 1988). The estimator is often addressed as “Difference GMM".

The most recent improvement comes from Blundell and Bond (1998), which asserts that

lagged levels can be a weak instrument “when the autoregressive parameter is moderately large

and the number of time series observations is moderately small." The study shows that using

both lagged levels and lagged differences as instruments in this scenario leads to significant

efficiency gains in the estimator. The Blundell-Bond estimator is often addressed as “System

GMM" in practice.

4 Empirical Illustration

To illustrate the differences in the aforementioned estimators, we follow Blundell and Bond’s

estimation of an employment model using a firm-level panel dataset from Arellano and Bond

(1991). The time period ranges from 1976 to 1984. The panel is unbalanced with gaps. There

are 140 firms, each with 7 to 9 annual observations, consisting 1031 observations in total.

The study uses the following partial adjustment model of employment that reflects the costs
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of hiring and firing:

employmenti,t = β0+β1employmenti,t−1+
1

∑
j=0

β2 jwagesi,t− j+
1

∑
j=0

β3 jcapitali,t− j+λi+µt +εi,t

where employmenti,t is the employment of firm i in year t, and employmenti,t−1 is the employ-

ment of the previous year. The lagged term is included to reflect the fact that it is too costly for

firms to fully adjust employment in one year. wagesi,t is the current wage rates, capitali,t is the

current amount of capital stock, and their one period lags are included as explanatory variables.

λi is the firm fixed effect, µt is the year fixed effect, and εi,t is the error term. Note for this to be

a valid model, it requires that εi,t does not have serial correlation. We can check this by testing

the second-order serial correlation for the first-differenced error term.

Table 1 illustrates the regression results across various estimators. Column (1) is the results

from applying the OLS estimator. Though it includes the year fixed effect, it is unable to

deal with unobserved individual fixed effect. If the explanatory variables are correlated with

the unobserved individual fixed effect (i.e., if there is selection bias), the OLS estimation will

be biased. Column (2) is the results for the fixed-effect model. The fixed-effect model is

biased because the lagged dependent variable is correlated with the error term as a result of

the deviation-from-mean transformation. Column (3) shows the estimates obtained from the

AH estimator, which uses employmenti,t−2 as the instrument for ∆employmenti,t−1. Column

(4) uses all the available lags of the employment as instruments, as suggested by Arellano and

Bond (1991). Finally, Column (5) employs the lagged differences as instruments in conjunction

with the lagged levels.

We start with the results from the AH estimator in Column (3). The estimated coefficient

for the one period lag of employment is greater than 1, indicating AR(1) is not stationary.

However, this estimation is imprecise. If we ignore the bias for a moment and look at the
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standard error, we see the standard error raises from 0.007 for OLS to 0.05 for the FE model,

which is a reasonable increase considering that the FE model relies solely on within-group

variations. In contrast, for the AH estimator, the standard error increases tremendously to 0.85,

which is 17 times higher than that of the FE model and 100 times than that of the OLS. Though

the F-statistic for the first stage is 29.5, which is above the traditional cutoff of 10, it seems that

there is still some loss of efficiency.

Next, the AB estimator improves efficiency to a great extent as can be seen from Column

(4). The standard errors for the AB estimator is 0.08, and the results are significant at the 1%

significance level. Note that the AH estimator yields the estimates that are not significant at

any traditional significance levels. Finally, as shown in Column (5), the standard error from

using the BB estimator is about one third that of the AB estimator, implying the system GMM

method has further improved the efficiency of the estimation.

We used the AR tests to confirm if the error term of the first-difference model has first-order

serial correlation, and the results are included at the bottom of Table 1. The results show that for

both AB and BB estimators, the z-scores of AR(1) test are smaller than -5, and the associated

p-values are smaller than 0.01, demonstrating the existence of first-order serial correlation.

Furthermore, the p-value of AR(2) test is greater than 0.7 in both cases. Thus, we cannot reject

the null hypothesis of the coefficient of the second lag being zero. This ensures that the level

model we estimate does not have serial correlation.

Nevertheless, one concern we will naturally have after seeing the results in Table 1 is about

the stationarity of the partial adjustment model we estimate. The coefficient estimated by the

BB estimator is 0.933, which is very close to unity. Therefore, we conduct the Dickey-Fuller

unit root test. As the dataset is a panel, the null hypothesis is all panels contain unit roots,

and the alternative hypothesis is at least one panel is stationary. Table 2 shows the results for
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the Dickey-Fuller test. While from the regression it seems that the coefficient for the lagged

employment is close to unity, the Dickey-Fuller test actually rejects the null hypothesis. All

statistics, including inverse chi-squared, inverse normal or inverse logit t have the p-value of 0,

implying that the panel is stationary.

Our empirical results are consistent with those obtained by Blundell and Bond (1998).

Blundell and Bond (1998) compare the results of employing the difference GMM (AB esti-

mator) and the system GMM (BB estimator). In addition, they estimate them not only with the

whole sample of 1976-1984, but also with the sub-sample of 1979-1984. The findings show

that for both sample, the system GMM yields more precise estimates. Moreover, for the short

panel (i.e. sub-sample), the difference GMM gets much smaller coefficients compared with

the system GMM, while for the whole panel, the results for the difference GMM are closer to

those for system GMM. They document that with short sample periods and persistent series,

the difference GMM suffers from small sample biases and imprecision, while the system GMM

can substantially reduce such bias and improve efficiency.

5 Conclusion

Dynamic panel data models provide us a strong tool to capture the dynamic nature of a pro-

cess, and ignoring such nature will very often result in misspecification. However, using the

standard OLS estimation for DPD model with fixed effects results in biased estimates. As a

way of correcting for the bias, Anderson and Hsiao (1981) propose using the second lag as the

instrument of the lagged dependent variable in the first-difference model. Later on, Arellano

and Bond (1991) improve the AH estimator by using all available lags as instruments. Finally,

Blundell and Bond (1998) advances the estimation by including the lagged differences as addi-

tional IVs. Among all these estimators, the BB estimator yields the most efficient estimates as
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it has stronger instruments, which is empirically illustrated in our analysis.
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Table 1: Regression Results

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

VARIABLES OLS FE AH AB BB

L.n 0.962*** 0.626*** 1.233 0.707*** 0.933***

(0.00688) (0.0515) (0.852) (0.0842) (0.0265)

w -0.415*** -0.504*** -0.524*** -0.709*** -0.631***

(0.121) (0.145) (0.190) (0.117) (0.120)

L.w 0.356*** 0.231** 0.581 0.500*** 0.460***

(0.117) (0.108) (0.394) (0.111) (0.146)

k 0.400*** 0.408*** 0.246** 0.466*** 0.482***

(0.0525) (0.0566) (0.103) (0.101) (0.0539)

L.k -0.367*** -0.165*** -0.292 -0.215** -0.420***

(0.0521) (0.0547) (0.336) (0.0859) (0.0588)

Constant 0.218*** 1.367*** 0

(0.0473) (0.294) (0)

Observations 891 891 751 751 891

R-squared 0.994 0.777

Number of id 140 140 140

AR(1) test: z -5.596 -5.369

AR(2) test: z -0.137 -0.271

AR(1) test: pr>z 2.19e-08 7.90e-08

AR(2) test: pr>z 0.891 0.786

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1
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Table 2: Dickey-Fuller Test for Unit Root of Employment
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