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Overview
Using data on 61 oil companies from 2001-09, we examine the evolution of revenue efficiency of National Oil Companies (NOCs) and shareholder-owned oil companies (SOCs). We find that NOCs generally are less efficient than SOCs, but their efficiency levels increased faster over the decade.  We also find evidence that even partial privatizations appear to be accompanied by some increase in operational efficiency, and (weaker) evidence that mergers and acquisitions during the decade tended to increase the efficiency of the merging firms. Finally, we find that much of the relative inefficiency of NOCs can be explained by differences in the structural and institutional features of the firms, which may arise due to different firm objectives.
The paper builds on a previous paper published by the same authors and an additional collaborator (Eller et al, 2011). This new research examines a longer time period, including both earlier and more recent years, expands on the techniques, and focuses more especially on changes in measured technical efficiencies over time.

Methods
We use three methods to calculate efficiency to demonstrate our results are robust to the choice of model. Non-parametric data envelopment analysis (DEA) constructs the technological frontier as a piecewise-linear convex hull of observed input-output bundles and then measures the distance of firms from that frontier. We then examine the intertemporal movement in DEA efficiency scores using panel data techniques and also Malmquist indexes. The second set of techniques we use is stochastic frontier analysis (SFA). This involves estimating a parametric production frontier from observed input-output bundles and measures inefficiency as a one-sided random error component in the multivariate panel regression surface. Finally, we also used a semi-parametric model recently proposed by Tran and Tsionas (2009). This models the efficient production surface parametrically, as in SFA, but uses a non-parametric representation of the one-sided error components. The fact that we find similar results using very different statistical techniques adds to the confidence that the results reflect genuine productivity differences between firms rather than artifacts of the estimation methodologies.

Results
The DEA annual results reveal some interesting movements in relative efficiency over time. One we found quite interesting involved TNK-BP. The formation of TNK-BP as a joint venture between BP and a formerly 100% Russian owned firms dramatically increased the relative efficiency of the latter until 2009. The resolution of dispute between BP and its Russian partners toward the end of 2008 was widely regarded as having increased the influence of the Russian side in the joint venture, and this may explain the drop in relative efficiency we found for 2009. We also discuss some other interesting cases including Statoil-Hydro, ENI, and Petrobras. More generally, we find that the DEA technical efficiency scores are highest for SOCs, intermediate for partially privatized NOCs (pNOCs) and lowest for fully government owned NOCs. However, the efficiency scores of both NOCs and pNOCs increased faster than SOCs over the decade. We also found evidence that mergers tended to raise DEA measured efficiency on average, while the tendency of governments to force their NOCs to sell refined products at subsidized prices was a significant factor in reducing their efficiency at generating revenue.
The Malmquist efficiency change measures revealed that all categories of firms participated in movements in the frontier from one year to the next. However, the SOCs tended to play a larger role than the two categories of firms in moving out the frontier. Although our regression analysis of the systematic influences on Malmquist efficiency changes is not yet complete, already we have seen results that reinforce the message from the annual DEA scores. In particular, the Malmquist measures reflect the importance of both mergers and reduced subsidies in tending to increase technical efficiency.
The simplest SFA model also revealed systematic efficiency improvements over the decade. Despite the very different methodologies, the efficiency scores from DEA and SFA with time-varying efficiency were very highly correlated. Once again, a regression analysis if the two sets of scores revealed a significant role for mergers and changes in subsidies in explaining efficiency changes. We then examined a number of more sophisticated SFA models that allowed us to test several hypotheses about the sources of the relative inefficiency of NOCs and panics. This again revealed the importance of retail subsidies in reducing revenue efficiency, but in contrast to results previously discussed mergers were not found to be a significant factor in raising measured efficiency once other factors were taken into account. In line with the results of Eller et al (2011), we found that over-employment, or equivalently a reduced marginal productivity of labor, in NOCs and pNOCs was a significant factor in explaining their relative inefficiency. The results suggested that even partial privatization can be effective at reducing the extent of over-employment. Once the effects of over-employment and subsidies have been taken into account, we found that some other unmeasured factor also reduced the relative efficiency of NOCs and pNOCs. The evidence suggested that this latter effect, unlike over-employment, was not reduced by partial privatization. Finally, the analysis confirmed the results previously discussed that this unmeasured component in the relative inefficiency of NOCs and pNOCs relative to SOCs declined over the decade.
The semi-parametric analysis also confirmed that over-employment and retail subsidies were a significant explanation for the reduced efficiency of NOCs and pNOCs. It also supported the conclusion from the SFA that some unmeasured factor also tended to reduce the revenue efficiency of NOCs even after these disadvantages were taken into account.
Conclusions

Since the analysis is not fully complete at this stage, the conclusions are somewhat tentative. However, it would be reasonable to conclude that we will find further evidence that fully and partly government owned NOCs are inefficient relative to their shareholder owned counterparts, but that the gap narrowed somewhat over the decade. In addition, over-employment and the pressure to sell refined products at subsidized prices are significant sources of this relative inefficiency. These two factors cannot account for the entire gap, however, and some other unmeasured factor also appears to be important. Our analysis will also be of interest to firms in the industry for what it reveals about systematic influences on the competiveness of different firms and how that has evolved over the decade. For firms that are found to be inefficient, another result of interest would be the efficient peer firms that are found to be closest to the inefficient firms in terms of input-output characteristics. Such firms could provide models that the inefficient firms might find easy to emulate in a bid to further raise their operating efficiency to best practice level.
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