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Executive Summary

Thi s report buil ds on the AERO®OS e &lectricite r con
Distribution Opex Cost Function: Potential Misspecification@sugenomics, 2024b) This

consultation addresses the performance of econometric opex cost function Translog models,
particularly the high frequency of monotonicity violations observed in recenannual
benchmarking reports.

The previous memo (her eaf t egpecificRilmeatrerss ahdfgunde x a mi n
that while their inclusion improves model performance, it does not fully resolve the issue of
excessive monotonicity violations. This indicates that such trends manly partially address

the underlying limitations of the models. Two otherissuesremain potentially significant: the

omission of relevant cost drivers, and the assumption, highlighted in Phase 1, that each
DNSP&6s inefficiency is constant over ti me.

Thi s r epor tonduckshbrea mpreBeds)jveanalysis of these issues. It considers
refinements to model specification and estimation techniques that could improve performance
of opex cost function models; and approaches to incorporating tinvarying inefficiency, and
decomposing time trends into tehnical change and shifts in DNSP®pex cost efficiency.

Opportunities for refining the current models are identified by considering best practices from
benchmarking literature and applications ofvarious frontier methods. Methods for
introducing time-varying inefficiency are identified in the context of a broad review of
stochastic frontier analysis (SFA) methods. This review identifies a number of potential
approaches, and the criteria for evaluating thgerformance of alternative econometric models
are clearly set out.

The review of options to refine current models addresses the following avenues:

9 Findings in the literature suggestapladng the assumptionin the standardSFA models
that inefficiencies have a truncatedormal distribution, with an assumedalf-normal
distribution.! The latter has computatioal advantages and should remedy problems of
non-convergence in the maximum likelihood procedurewnhich often arisefor the SFA
models with the more general truncatedormal distribution that often suffer from
identification problems It is found that using the half-normal distribution of
inefficiencies does not substantially improve the MV problem, but this is not its
purpose. t offers a valuable improvement by enhancing the computational stability of

! Assumptions about the distribution of inefficiency armecessarya estimate the standard SFA model. The most
common distributional assumptions are the truncatedormal and the halfnormal distributions. The truncated
normal assumeghat inefficiency values are normally distributecdboutthe pre-truncation mean,and restricted to
non-negative values. The halhormal assumes inefficiency values are normally distributedbout the pre
truncation mean of zero,and again onlynon-negativevaluesareallowed. That is, the halfnormal is a special case
of truncated-normal where the pretruncation meanis set to zero.
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SFA models, without materially affecting the estimated output weights or efficiency
scores.

1 The standard LSE models are closely related to the frequently used Corrected Ordinary
Least Squares (COLS) frontier techniqueln the panel data contextthe COLS
approach uses fixed effects panel data regressibrwhich produces an efficiency
estimate for all firms in the sample, unlike the standard LSE model, which includes
fixed effectsbased efficiency measures only for the Australian DNSPs. When the
COLS fixed effects method is tested as an alternative, it ®ihd that the precision and
reliability of the main parameter estimatess detrimentally affected, and efficiency
scores arainreliable. This suggests that much of the sample data variation relied on to
identify the main parameters of the modetomes fromvariation between firms, rather
than from within -firm variation over time. This is due to the large degree of variation
in the scales of DNSPsWhen the fixed effectsare introduced, much of the cross
sectional variation is absorbedby these fixed effectspotentially jeopardizing the
reliability of the estimates This approach does not represent an improvement over the
standard LSE method.

1 Whereas theTFP index analysis includes five outputshe standard opex cost function
includes only three. This raises the question whethehe other two outputs, energy
delivered and customer minutes ofupply (CMOS), are omitted variables The
inclusion of these variables is tested. Models that include energy delivered perform
worse thanthe standard models in several respect$his tends to suggest that its
inclusion resultsin excessive multicollinearitywith the other outputs CMOS is found
to be staistically significant, but it has little effect on the model overall and does not
mitigate any of the modelling difficulties. More importantly, it raises concerns about
endogeneity becauskigher levels of routine (preventative) maintenance should reduce
the frequency of outagesTherefore, itappears to beampractical to include either of
these other two outputsnto the SFA models with the available data

9 Cost functions typically include input prices. In théA E R étandard opex cost function,
they are dealt with by dividing opex by an index of opex input prices. This leaves open
the possibility that theremay be substitutability between capital and opex inputthat
remains unaddressedIf so, the relative price of capital and opex inputs may be a
relevant explanatory variable. This variable is tested and it is found that thog ratio
of input prices has a statistically significant, if small, effect. Its idasion may yield
some marginal improvementsHowever, there remainmeasurement issues in relation
to the price of capital inputs, for example relating to cost of capital parameters and

2The fixed effects panel data approach controls for unobserved characteristics that are constant over time for each
firm, thereby reducing the risk of bias in the estimates caused by omitted figpecifictime-invariant factors.
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depreciation rates which would need to be adequately explored and resolvéxfore
reliably using it in the SFA models

The centralfocus andfindings of the report relate to the application of tim&arying models.

A wide variety of different approaches are testefrom relatively simple to more complexThe
results confirm the challenges associated with maximum likelihood estimation of more
complex SFA models. Often, while the more sophisticated SFA models are theoretically
appealing, they often present difficulties in terms of estimation stability and optimization. This
proved to bealsothe case for the most flexible of the models.

Among the models that were successful, the main alternative methods of allowing for time
varying inefficiency are by (a) using different jurisdictional time trends, with the same trends
applying to all Australian DNSPs, and(b) using separate trends for each Australian DNSP
plus each overseas jurisdictioh.The latter are generally more difficult to estimate than the
former.

In the SFA models explored in this study,he time-varying inefficiency effects are introduced
either:

1 as determinants ofthe mean of the inefficiency distribution, specifically of he -6 pr e
truncation meand of the stochastic distribt
Battese and Coelli (1995) SFA specification;

1 asshifts inthe variance of the inefficiency distributiorvia a scaling functionapplied to
a crosssectionally stochastic distribution of inefficienciesin the Kumbhakar (1990)

SFA approach; or

1 as additional explanatory variables directly in theopex cost function, specifically

interactions between time trends and jurisdictional or DNSBpecific dummy

variables, using the least squares econometrics (LSE) approach.

It is found that only one modelvariant using the BatteseCoelli (1995) method was successful,
and at least two of the Kumbhakaf1990)and the LSE models were successfuMost of these
models show meaningful improvements compared to standard applicationgncluding a
substantial reduction in monotonicity violations and producing timeprofiles of efficiency
scores that are well correlated with efficiency scores calculated from the multilateral Opex
partial factor productivity (PFP) index

However, the time-varying stochastic frontier models are more complexwith computational
challenges in estimation, particularly when applied to shorter samplesThey require
sufficiently large and relatively rich (in variation) dataetsothat shortperiod analyses are less
suitable in this context.The reliability of the models alsotends to decrease as the models

% Note that these approaches differ from those presented in the Phase 1 Memorandum. In the present analysis,
inefficiency is allowed to vary over time, whereas in the Phase 1 modeldthough the timetrend term was
permitted to differ between jurisdictions, the costfficiency of DNSPs was assumed to remain constant across
periods.
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become more complexThis means there is a tradeff between the flexibility of estimating
efficiency trends for each Australian DNSPwhich increasegisk of computational problems

in estimation, versus models with more restrictive assumptions about the efficiency time
profiles, which are computationally more robust.Some suitable simplifications, such as
assuming a haklnormal instead of truncated normal inefficiency distribution, assist
computationally, including with convergence Unlike the SFA models the LSE time-varying
models proved to be more robust in estimation and can reliably include DNSpecific
efficiency trends.

A comparison of the estimated efficiency trends produced by several feasible twaeying
inefficiency modelsconfirms that, as expecteda degree of uncertainty exists in the efficiency
scores estimated by these modeds$ any point in time. This isdue to differences in the time
patterns of efficiency estimated using different modeMV/e suggest that extending the current
approach to include two different SFA models alongside an LSE model (rather than only one
SFA and one LSE model, as currently applied) ay improve the reliability of the estimated
efficiency scores.

Unlike the standard current models, the tim@arying models presented in this report allow for

the decomposition of productivity changes into changes in efficiency, technical change, and
other factors. They can also enable the efficient bagear opex to e calculated directly if the
base year is the same as the last year of the sample period. This can remove the need to rely
on the benchmarking rolHorward model BRFM) framework or reduce its role to bridging
between the last year of the sample and thedmgyear.

We also show that the BRFM provides a means to mitigate such uncertainties and strengthen
the robustness of the results. The BRFM can still be applied to the peraxkerage efficiency
scores produced by tim&arying inefficiency models, and an estimate dhe efficiency score

at the end of the sample period can be derived from it. This provides additional estimates of
the periodend efficiency score, which are arguably not constrained by restrictive assumptions
relating to the efficiency time profile. Hencethe periodend efficiency score of each DNSP
can be obtained by averaging over both the model perietid estimates and the BRFM period
estimates.
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1 Introduction

1.1 Purpose

The AER®6s econometric opex <cost f usoncetvhato n  Tr a
declining performance in terms of the frequency of monotonicity violations (MVSs) in recent

annual benchmarking reports (ABRs)On 26 November 2024, the AER commenced a
consultation on improving the econometric opex model used in benchmarking and released
Quantonomics?® Blectmontyr @istdbution Opex Cost Function: Potential
Misspecification Isse® Phase 1 memod) .

The Phase 1 memo examined potential causesMV¥s in the current modek, with a particular
focus on the treatment of time trenddn the current AER models the time-trend coefficientd
notionally included to capture technical change over timéis assumed to be identical across
all three jurisdictions. In practice, the trendnay capture a mix of technical change (frontier
shift), average efficiencyocatchrupd, and any systematic movements linked to omitted
operatingenvironment factors (OEFs). Forcing thesame trend on every jurisdictiorcould be

a likely source of misspecificationln particular, while it may be reasonable to assume that
technical change is the same or very similar across jurisdictions, trensefficiency ocatch
up6 and OEFs can be expected taliffer somewhat? The fact that model performance has
declinedas more years of data have been added is at least partly because differences between
jurisdictions have been accumulating over time.

To test this hypothesis, théhase 1 memo eplored the useof jurisdiction-specifictime trends
and found that these specifications improved Myerformance butdid not completely resolve
the problem of excessive MV.sThis suggests that the inclusion of jurisdictiogpecific trends
may have only partially addressed the underlying problems in the mode@®ne potential issue

is the existence obmitted relevant cost driversWhen important cost drivers are excluded,
the effects may be absorbed by other includl®ariables, leading to biased parameter estimates
and, ultimately, could contribute to monotonicity violations.

Another possiblelimitation of the current models, emphasised in the Phase 1 memthat may

be contributing to omitted variable issues is the assumptidnh a t each DNSPO6s in
remains constant over timé As discussed,implicitly the generic time trend includes the

average rate of efficiency catehp across all DNSPs in all jurisdictions in the samplélime-

invariant inefficiency and/or uniformity of the rate of efficiency catchup is an important
restricion. Whi | e this assumption may have been rea

* Technical change is expected to be similar across jurisdictions, as the electricity sectors in Australia, Ontario,
and New Zealand generally use comparable technologies. However, catgh rates may differ, reflecting
variations in regulatoryor other costpressureto improve efficiency and in OEFs arising from jurisdictiorspecific
conditions.

® Changes in the efficiencies of Australian DNSPs are currently accommodated within the benchmarking-roll
forward model, discussed in section 6.
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benchmarking program, evidencef an upward trend in the opex partial factor productivity
indexes of most Australian DNSPs since 2015uggests thatheir opex inefficiency has
changed, and specificallyreduced in the latter half of the sample periodA model that allows
for jurisdiction-specific timevarying inefficiency is likely to provide a more accurate and
robust assessment of DNSP performance.

As shown in the Phase 1 memqurisdictional time trend models which do not decompose the
effects of technical change, efficiency changesthe effects of changes in OEFR3ot modelled,
appear sufficient for measuring theopex cost efficiencies of Australian DNSPs at the mid
point of the sampeé. This is because they achieve a substantial reduction in the Australian
monotonicity violation s(MVs). However, our preference, anas discussed in section 1.2hat

of stakeholdes is for an approach that estimates separate trends in efficiencieswith the
expectationthat it will further improve MVs. This allows efficiency to be measured foeach
Australian DNSP in each sample yearHence, models that candecompose,for Australian
DNSPs, efficiency change from the other effects are eged

The present Phase 2 analysis aims to address this issue. In particular, iy®rt considers:

9 aspects of specification or estimation techniquevith the potential to improwe the
performance ofthe opex cost function modelsand

1 methods fordecomposing time trends into technical change and the effects of changes
in the opex cost efficiency of DNSPs

This report does not explore available datand methods for incorporating a wider range of
OEFs into the opex cost function model. That would be a separate exercise, which may be
conducted at a later date

1.2 Summary of submissiot® Phase 1 memo and our response

In response to the Phase 1 memoggen submissions were receivedll from DNSPs: Ausgrid,
AusNet, Endeavour Energy, Energy Queensland (Ergon and Energex), Essential Energy,
Evoenergy, and JemenarThis section discusses the main points made in the submissions.

Most stakeholders welcomed the consultation and saw it as necessary to address specification
issues with the current model, particularly by allowing for time&arying inefficiency. Five of

the seven submissions (Energy Queensland, Ausgrid, Evoenergy, Jemand Endeavour)
emphasised that the review process should not be rushed. Endeavour also suggested that the
benchmarking models be reviewed periodically via a consultation process. On the other hand,
Essential Energy was concerned about the number of chasge benchmarking methodologies
over recent years, which have impacted rankings.

The Phase 1 memo presented models with separate jurisdictional time trends (JTT) and with
a separate Australian time trend (ATT). The following views were expressed about these
models:
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1 AusNet supported the inclusion of jurisdictional time trend variables and regarded the
JTT model as superior to the ATT and standard modelgiowever, AusNet considers
it an incomplete improvement due to its assumption of timgvariant inefficiency.
AusNet suggested that mthodologies like Battese & Coell{(1992) or Cuesta(2000)
should be exploredbut it recogniseshere will be methodological and identification
challenges, especially when testing DNS§pecific time trends.

1 Ausgrid, Endeavour, Energy Queensland and Evoenergy considered the ATT and JTT
models useful in highlighting misspecification issues, buipposed their adoption In
their view, the assumption of timenvariant inefficiencies is a key misspecification and
models addressing the issue of timearying efficiency should be explored, rather than
adopting the JTT models.

1 Jemena warns that the JTT and ATT models misinterpret catalp efficiency as
technological progress, potentially overstatinfyue frontier shift. Jemena recommends
exploring ways to separate catchp efficiency from genuine efficiency frontier shifts
before modifying the current model specification. Likewise, Energy Queensland states
that if the benchmarking models are properly specified, the tintieend variable should
only reflect the rate of technological progress.

1 Endeavour also did not support the JTT model because "networks previously regarded
as efficient are now materially inefficientwhere the difference in outcomes may be
due to modelspecific shortcomings. However, in our view, this outcome is not unique
to the JTT model andmay be true of any change to model specificatiofe discuss
this point further in Section2.3.6.

In summary, submitters prefer models that separate changes in efficiency from technical
change.The common theme was thatates of change in efficiency should be allowed to vary
between jurisdictions, and if feasible, allowed to vary between Australian DNSPs. On behalf
of Evoenergy, Frontier Economics suggested a specific model for separating technical change
and technical eficiency change, which it implemented using the Stata agwogram sfpanel
(Belotti et al., 2012) Frontier Economics emphasised that this model was only an example,
and it was not advocating this specific modeln this report, we investigate models with time
varying inefficiency and the separation of technical change from changes in efficiency
including a model along the lines of FrontieEconomicd suggesti on

Frontier Economics also recommended reducing the data sample period, citing concerns
about a structural break in the dataln our view, structural breaks can be accommodated
within the model using appropriately specified time trends. Whether or not it is necessary or
convenient to reduce the sample period is a question thatonsidered in this reviewRelated
issues that are also addressed include whettieere may be merit in considering aligning the
short sample period with the Australian structural bigk point, and whether or not to continue
using the short sample period if the econometric models incorporate tiraarying inefficiency.
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Frontier Economicsalso expressed a concern with the inclusion of New Zealand and Ontario
data. Economic Insights(2015) emphasised that the benefit of using the overseas data is to
improve the precision of the parameter estimates view we maintain The jurisdictional
dummies ensure that the efficiency of Australian DNSPs is only measured against the most
efficient Australian DNSPs. We are not measuring the efficiency of overseas DNSPs.
Provided we adequately controfor systematic differences of the two overseas jurisdictions,
they will not have a significant effect on the comparative efficiency of Australian DNSPs.
However, it is important to acknowledge that while jurisdictional dummies can control for
unobserved timeinvariant heterogeneity, they may not fully capture differences in the rates of
efficiency change over time. To the extent that these trends differ systeicelly across
jurisdictions, they may introduce residual bias not addressed by the dummy variables alone.
This issue is considereth this report.

Some of the other views expressed in submissions are as follows.

1 On the question of how monotonicity violations (MVs) should be measured, Jemena
rejected an approach of focusing on statistically significant MVs. Jemena proposed that
a more stringent definition be developed to include not only MVs, but also other data
points close to an MV.We consider that snce the theoretical requirement is that the
elasticities of opex with respect to each output should all be noegative, it is not clear
why a more stringent criterion should be adopted and what that criterion woulole.
We have not seen Jemenads method in the 1
monotonicity tests (compared to the AER method) applied at a subset of the sample
space(Ryan and Wales, 2000)

1 Essential Energy, Endeavour and Ausgrid all expressed the need for clarity in how a
model with jurisdictional time trends or timevarying inefficiency would be used in the
benchmarking rolHorward model (BRFM). Endeavour suggested that the BRFM be
reviewed in this consultation processThis is discussed in section.6

1 Some submitters, including Endeavour and AusNetsuggested further investigation
into operating environment factors (OEFs) that could be measured and included in the
model. Suggested OEFs include the relative importance of bushfire prone aréasain
and stormrelated variablesWe agree that OEFs can play a role in the econometric
models. This issue will be addressed in futurdevelopmentwork, as it is likely to
require the development of new metricge.g., using geographic information system
(GIS) data) which is beyond the scope of this report.

1 The Phase 1 memo discussed Ontario circuit length data. AusNet agreed that there is
no systematic evidence of measurement bias and supported ongoing data validation in
future benchmarking studies to ensure circuit length remains a reliable variable in cost
modelling. We agree that the benchmarking data must be thoroughly validated each
time it is updated.
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1.3 Outline of the Report

The remainder of this report is organised as follows

T

Section 2 outlines the directions of investigation adopted in this study. Section 2.1
identifies opportunities for refining the current models and explains the rationale for
each proposed refinementSection 2.2 reviews the literature on tim&garying model
options, discussing their challenges and potential benefiSection 2.3 sets out the
criteria used to evaluate econometric models.

Section 3 presents the results of testing the refinements proposed in Sectiora@dl
assessethe extent to which theycan improvethe current models.

Section 4 examines the feasibility of the most promising timarying modelssurveyed
in Section 2.2, along with the specificatiorpresentedas an example by Frontier
Economics.

Section 5 evaluates the timgarying models against the criteria outlined in Section 2.3,
comparing their performance with one another and with the standard models. This
assessment considers whether the timrarying specifications deliver meaningful
improvements over the current framework and identifies any approaches that may
warrant adoption based on the established criteria.

Section 6 demonstrates the application of timearying models in a regulatory context,
focusing on their integration into the Benchmarking Roll Forward Model (BRFM).

Appendix A provides background on the development of the current models, including
past decisions on model specificationg\ppendices B and C present additional analysis
of the time-varying models Appendix B examines thePearsoncorrelations between
total output elasticities and DNSP size, providing further insights into modsd
performance. Appendix C examines th&earsoncorrelations between the efficiency
scores of the standard models and the timmarying models, showing the extent to
which the time-varying models align with theABR24 efficiency scores of the DNSPs.

Separate from this report, Attachments A and B present modelling results in more detail.
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2 Directions of Investigation

This chapterdiscusses stochastic frontier analysis (SFA) methodologies that could be applied

for the purpose of improvingthe current model specificatios.In t hi s secti on t he
is usedmore broadly to includet he AER® s [IdpEpenyocdnsider improvements

to the current model, an understanding of the development of the current approach is

i mportant . Appendi x A summari ses Economic I n
modelling approach.

Section 2.1 presentsa number of observations orpotential improvements or refinements to
the current opex cost function modelsSection 2.2 provides a survey of SFA methods
including more advancedime varying inefficiency econometric frontier models.

As outlined in the Section 1, he time-invariant inefficiency specification may be too
restrictive, given the extended time period covered in the more recent annual benchmarking
reports The available evidence seems to indicate that there has been considerable
i mprovement i n opex efficiency since the AEF
introduced. This hints that models which allow inefficiency to vary over time might be more
adequde. Section 2.2therefore examinesnethodological approaches fomcorporating more
flexibility in the time patterns of inefficiency in SFA It then focusses on methods that can be
used to separately estimate technical change and thverying inefficiency, especially those
allowing time-varying inefficiency to differ between jurisdictions, DNSPs or periods. We
consider whether they can be apm@d using Stata, including community contributed Stata
programs®

The methods reviewed include the suggestions of Frontier Economics relating to SFA, and
several other SFA methods. From among the alternative®nsidered in sectior?.2, several
methods are selected based on their assessed:

1 suitability for addressing the problems observed in the currently used methods;

1 flexibility to separately estimate technical change and timerying inefficiency, with
different efficiency trends between jurisdictions, DNSPs, or periods; and

i stability and reliability, so that they can be readily applied in each annual
benchmarking update without undue risk of problems or difficulties of application
requiring troubleshooting or workarounds.

Once models are selected based on their theoretical attributes, their empirical performaace
assesseth chapters4 and 5 The criteria used for this assessment are detailed in Sectiba.

® Stata is used here due to its reliability and consistency in estimating econometric models. In our experience, it
has performed more robustly than alternativesoftware.
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2.1 Opportunities for Refining Current Models

Before considering alternative modelgelated to time varying inefficiency we reanalyse the
issues identified in the previously used models (i.e. the base models and those from the Phase
1 memo) to better understand the likely causes and to recommend potential improvements or
refinements. This investigation ishelpful to identify any other sources of misspecification
which, ultimately, may be contributing to the excessive monotonicity violations observed in
the TLG models. This step also helps to avoid omitigate similar problems in alternative,
more sophisticated modelssuchastime varying inefficiency models.Based on this analysis,
several observations can be made:

(1) Hal-Normal Distributionin the SFA model, we recommendconsideringseting * 1t
(ie, the normathalf normal model). A truncated-normal inefficiency distribution is
theoretically attractive because it allows the average level of inefficiency to vary, giving
more flexibility than the half-normal (which concentrates inefficiency near zero).
However, this flexibility comes at a cost of risk of convergence or identification
problems, difficulties already evident in the standard SFATLG resulté&\s described in
Ritter and Simar (1994) the half-normal assumption avoids the computational
identification problem of estimating both the intercept of the frontierf () and the
6interceptd of t M’eThis apprdadh icani reducecgmputaonam — (
convergence issugslthough it may not eliminate them entirely. All the time-varying
models testedin this paper are based on the assumption thahe intercept of the
inefficiency termis equal to zero

(2) Fixed Effect&or the current LSE estimation method, which includes fixed effects only
for Australian DNSPs and uses thextpcsecommand, we have also consideed
implementing it via the fixed effects model that allow for clustered standard errors (i.e.,
using xtreg, fecécl <clustvar>)).

(3) Omitted VariableSome of the outputs used in the index analysis are not included in
the econometric model.This raises the possibility of omitted variable bias (which in
turn may cause other issues, e.g., violation of monotonicity). Weave explored the
use of all five outputs in the econometriopex cost function (ie, including also energy
throughput and reliability, as measured by Customer Numbe?fsSAIDI).

(4) Input Pricesin principle, according to the economic theory of production, the model
for a cost function should also include input prices (in addition to outputs).
Alternatively, other major inputs (e.g., capital input) should also be included if one
models via the input distance function. Their exclusion may cause omitted variable

” An identification problem occurs when the model's parameters cannot be uniquely determined from the available
data. This can result in a flat or poorly defined likelihood surface, making it difficult for optimisation algorithms
to converge or for standarcerrors to be reliably estimated.
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bias (which can in turn lead to other issues, e.g., violation of monotonicity). The opex
model could be interpreted in different ways:

(a) If interpreted as an input demand function, it should include input prices
among the explanatory variables andatisfy homogeneity of degree zerm
input prices8

(b) If interpreted as a conditional (shorrun) cost function then it should also
include the other inputs (or sukcosts) that are conditioned on, e.g., log capital
input quantity, as an explanatory variablé

(cgl't can also be interpreted as a distanc
input distance function (which is dual to the cost function). This formulation
would require the quantities of the other inputs, normalised by the quantity of
opex inputs, amongthe explanatory variables (in addition to the outputs and
other conditioning variables). E.g., for two inputs, it would require the log ratio
of capital to opex inputs.

Interpretations (b) and (¢ would require excluding Ontario DNSPs from the sample,
because a consistent measure of capital input is unavailabiée testinterpretation (a)
in section 3.4by including the ratio of prices for opex and capital inputs (although
some assumptions areequiredto constructa consistentcapital price index across all
jurisdictions).

The proposed refinement methods based on tini@variant inefficiency approad are tested in
Attachment A, with results summarised in Section 3.

2.2 IncorporatingTimeVarying InefficiencyReview of SFA methods

In the last four decades a wide variety of Stochastic Frontier Analysis models for panel data
havebeen developedHere, we provide asurveythat focuses on those approaches we consider
having the most relevance and potential for the present projé€tWe organise this section
according to the chronological development of SFA methodgrouping models into distinct
"waves" based on when they were introduced and the specific issues they aimed to address.

8 Homogeneity of degree zero in input prices means that if all input prices change by the same proportoateris
paribusthe demand for inputs remains unchanged. In other words, input demand depends on relative prices, not
absolute price levelsceteris paribyse., technology and outputs to be produced remain the same)

° This is the current interpretation of the modal However, capital input quantity was not included in the opex
cost function modelling due to the lack of comparable capital data for Ontario DNSPs.

1 Recentrelevant academicsurveysinclude Sickles(2005) Sickles and Zelenyuk2019 ch.1216), Kumbhakar,
Parmeter and Zelenyuk(2020a, 2020b) Sickles, Song and Zelenyuk2020) and Nguyen, Sickles and Zelenyuk
(2022) Here we follow these works, briefly describing a selected set of SFA models. The reader can refer to these
surveys for more details.
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2.2.1 The first wave of panel data SFA models

Thefirst panel datastochasticfrontier analysis (SFA)modelswere introduced byPitt and Lee
(1981) and Schmidt and Sickles(1984) and are basicallyt hose used in the A
benchmarking*

T TheAER®SFAO6 approach is the Pitt and Lee acg
estimation (MLE), with a truncatednormal distribution of inefficienciesrather than
the hal-normal distribution, although the halfnormal may be as appropriate and
potentially preferred?!?

T What the AER r efbernse tthoo das st hees-affedishfpraach vy t he
of Schmidt and Sicklegwith the exception that the fixed effects in the AER models
are onlyfor Australian DNSPs, not all DNSPs in the sample).

The general form of these panel datapex cost function modelscan be stated as follows:

® | eg 1 h (2.1)
where® representghe log of the measure of cost & ) for firm i in period 6. The term| is
the intercept and e js a u® p vector containing the log of thejth cost driver ( B & The
vector s is the slopeparameters (elasticities) to be estimated, while is the errorterm.
In Pitt and Leed €1981)approach(f r om whi ch t he AEROSs) thdeAormodel s

term consiss of two unobserved components, statistical noise () and costinefficiency (© ),
ie.,

T b oh (2.2)

with a restriction thaté T, (reflecting inefficiency can only be greater than or equal to zero)
with finite mean and variance, and thatb has zero mean and finite varianc&. The cost

" Panel data SFA models emergeghortly after SFA was introduced in crossectional form by Aigner et al(1977)
and Meeusen and van den Broedd 977)

2 The assumption regarding the stochastic distribution of inefficiencies is used in formulating the log likelihood
function, which is to be maximised.

3 In this report, a reference td'cost" implies "opex cost" unless clarified otherwise @pDté refers to the main
output variables used in the models, such as customer numbers, circuit length, and ratcheted maximum demand.
The term ocost drivelo is used more broadly to include all variables that influence costs in the model, including
outputs, time trends, jurisdictional dummies, and operating environment factars

 This application is the cost function, where the main explanatory variables are output(s) and input prices, and
homogeneity of degree one in the input prices is imposed via hormalizing the total cost and all input prices by the
price of one of the inputsln the case of the shortun, or variable cost function, if there is a single input price for
variable cost, this normalisation will eliminate input prices from the explanatory variables and cost will be divided
by the variable input price. The variable @st function will normally include the fixed input(s) as explanatory
variables. This has similarities to the input distance function. lthe case of estimating an efficiency frontier based
on the input distance function, the response variable will be an observed input of interest while the explanatory
variables will be all other inputs (normalized by the input of interest) and all outputs.
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inefficiency term (6 has no time subscript becausa this model inefficiency is assumed to
be time-invariant.

To disentangle the noise from inefficiencyRitt and Lee (1981)makes parametric assumptions
about thar distributions and estimates the modelvia MLE as a random effects modelFor
example, assuming normal and halfnormal distributions for the noise and inefficiency
respectively

oy Y T[F], ﬁ
(2.3)
6x° ™, 8
The values ofo are positive, and hence their distribution is truncated at zero (ie, halérmal).
If the truncated-normal assumption is used themx ~ ‘h, ,wheremi s the mode or
truncation meanoThisifthetAlE&R 6 i IEA apfeaadhi o n .

The estimatedinefficiencgan be obtained from?®®

6 06§ 8 (2.4)
The estimatedcost efficiencyscores(CE) can be obtained from'®

60 OAp&s§ 8 (2.5)

The Pitt and Lee approach can be implemented in Stata usingfrontier y xlist, costti,}” as
implemented by AER.The constraints(#) option can be used to impose the haiformal

distribution, asfollows: constraint # _b[mu:_cons] =.Q\lternatively, the Pitt and Lee approach
can beestimatead via: sfpanely xlist, model(pl81) using thesfpanelcommand contributed by
Belotti et al (2012)

Differently from the Pitt and Lee (1981) (which, as we have seen, is the basis of theE R 6 s

SFA method), Schmidt and Sickleg1984)do not decompose the error into inefficiency and

noise Theapproachto deriving 6 avoidsdistributional assumptions and estimatethe model

as a fixed effects panel data model and then recosdhe estimatedinefficiencyfrom the

estimated fixed effect{ whi ch i s the basi s dliemodelen (AHEHRSG s L S
first transformed as follows

w | eg U, (2.6)

where | | 6 and’ is the normally distributed noise. Frm “@ inefficiency can be
estimated (or predicted) via:

'® As described inJondrow et al.(1982
6 Asdescribed inBattese and Coell{1989
" Herey refers to the dependent variable, andistrefers to the set of explanatory variables.

10
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6 | i ET h Q pMB h) (2.7)
One can then obtain the estimated efficiency scores:

60 A@bs 8 (2.8)

Again, the cost inefficiency termd has no time subscript because in this model inefficiency
is time-invariant.

The AER implements this(LSE) model using firmspecific dummy variables to estimate the
fixed effects, but only for Australian DNSPs. The Stata commandtpcse is used which
produces panektorrected standard errors, and a degree of autocorrelation within the panels is
accommodated.The Schmidt and Sickles approach (strictly speaking, including fixed effects
for all firms in the sample) can be implemented in Stata vidregy xlist, fe, and obtaining the
individual fixed effects viapredict alpha, u Alternatively, one can do it as:sfpanely xlist,
model(fe).18

2.2.2 The gcond wave: relaxing tirdavariance

Recognizingthe assumption of time invarian inefficiency as akey drawback of these mode|s
the second wave of panel SFA modelattempted to address this limitation. The most
prominent of these are the approaches suggested by Cornwell e{E90) Kumbhakar (1990)
and Battese and Coell{1992)

Cornwell et al. (1990)modified the fixed effects approach of equatior2(6), repladng the time-
invariant| with atime varying function| . They chosea quadratic functionof the time trend
othat allows for the parameterso vary acrossirms™® pf8 i) | i.e.,

| — —0 —0, Q pBHING pMBHRY (2.9)

The technical inefficiency scores foiirm "Qat time 0 can then be estimated (predicted)

~ ~

6 | i Ei h ™Q pBRINO pMBHB (2.10)

And the cost efficiency scores in each period can then be obtaims® O A @ Do

In Stata, this approach can be implementedsing sfpanely xlist, model(fecss)® A more
cumbersome way of implementing the model would be to interact firgpecific dummy
variables with the time trend and squared time trend variableBor example, this approach
may be convenient for implementing a more restricted version of the model, since equation
(2.9) has a great many parameters.

18 This approach is tested in Attachment A, and the results are summarised in sectih.
*The Cornwell et al (1990) approach is tested in AttachmeBt

11
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The approactesof Kumbhakar (1990)and Battese and Coell(1992)modify the Pitt and Lee
(1981)approach byassuminga time varying inefficiency term that is gparametric function of
time "Q0 and the time invariant inefficiencyo :

6 "QO06hQ pBRINO pBHB (2.11)

Kumbhakar (1990)assumes that’Qo p AZ®O and halfnormal distribution
for 6 . Substituting into equation (2.11), the inefficiency term becomes:

0 p AZ®O w 6h o6x ° mh 8 (2.12)
The function in "Q0 is a scaling functioncommon to all firms, and 6 is the onesidedfirm-
specificinefficiency term, which has a haknormal distribution. The scaling function does not
vary by firm, it adjusts each firm's inefficiency over time in the same wayposing a common
time trend across all firmsThat is, inefficiency levelsd evolve over time in parallel, with the
shape of the time path determinetly "Q0, ando6 isfimiés ef fi ci ency when t

The sfpanelimplementation command for Kumbhakar (1990) is a generalisation of this
approachwhere, in place of Qo0 there is

Qv p AP 4 (2.13)

where »: ig a vector of exogenous variables. Note that in this model, the constant térmonly
affects the scaling of the inefficiency term and does not affect the truncation point of the
random inefficiency term, which remains at zero. Hence, it does not give rise to partial
identification issue,and does not require settinyy to zero for estimation Also note that the
explanatory variables»,nay vary acrossfirms and across timeand hence in this generalised
Kumbhakar (1990)f o rmul ati o ninefficeeracy dan hiavie e difi@rent timegoattern.

Battese and Coell{1992)assume a differentorm for "Q0 and atruncatednormal distribution
for 6 :

6 A@b o Y oh o ‘B, (2.14)

whereT is the last period in the sample. It can be applied to unbalanced panels, in which case

“Y "Y. In this model, 6 is firm id mefficiency when t =T, the last year of the sample period.
Again, the scaling function imposes the same time trendtoeaéhh s o e aimefficiehcy r m& s
moves in parallel over time.

Despite the advances in incorporating time variation into the modelg, is important to note
that including assumed firmspecific efficiency change as a quadratic function may lead to
empirical estimation issuesAlso, while offering improvements by allowing for time varying
inefficiency, these models impose quite restrictive structures on how inefficiency iearover
time, especially he Kumbhakar (1990)and the Battese and Coelli (1992)vhich assume that

12
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the rate of inefficiency changes the same for all firmsin contrast, thegeneralisegersion of
the Kumbhakar (1990) formulation all ows each
pattern.

2.2.3 The third wave: decomposing the unobserved heterogeneity

The models developed during the first and second waves of panel data SFA have a key
drawback in how they handle unobserved individual heterogeneity in the datdhey are
unableto identify which part of this heterogeneity is related to inefficiency and which part is
not. Recognising ths inability and other drawbacks, the third wave of panel data SFA
approachesintroduced further improvements albeit with greater complexity. One of them
was Cuesta(2000) who elaborated on the model of Battese and Coelli992) in equation
(2.14), proposing a more general form foé , namely:

6 A@b o Y oh 6x © ‘h 8 (2.15)
This model also assumes independence between the regresséihies x0 sahd inefficiency.
Furthermore, as with Battese and Coelli (1992), this model imposes a monotonic relationship
between theinefficiency and time, that is, it can only increase or decrease consistently
throughout the period,which might be viewed as too restrictive.

However, a subtle yet important difference to the Battese and Coelli (1992) formulation is that
the function that describes the change of efficiency over time is allowed to vary acrfisas
due to the parameter beingfirm-specific rather than constant,(). Thus, it does not restrict
the efficiency change to be the same across films, allowing eachfirm to have its own
inefficiency time profile.

This, however, comes at considerable sacrificBesides requiring much more complicated
computations (with increased risk of norconvergence, reaching local optima, or intractability

for largedatasets), it significantly increases the number of parameters (reducing the degrees of
freedom), which can lead to overfitting, especially in small samples. All these in turn may

reduce theprecision and robustness of inefficiency estimatésMore specifically, the number

of parameters increases with the sample size,
par ameter probl emd in the pHemncel whild theoeeticalyc o n o me |
appealing, this approach is likely to be not very practical

Among these and other prominent approaches that attempted to address the aboemtioned
drawbacks are the works of Green@005a, 2005h)Chen et al.(2014) Colombi et al. (2014),
Kumbhakar et al.(2014) and Belotti and llardi (2017)

®This problem was also noted in Cuesta (2000), who ackn
the model 6.

% Theselimitations explain why the model has seen limited adoption in empirical applications. Nevertheless, it

served as an important stepping stone toward more flexible panel data SFA models that have since received greater
attention.

13
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In his two fundamental contributions to SFAliterature, Greene(2005a, 2005b)yargued that

technical efficiency should be modelled separately frgnor in addition to, the unobserved

individual heterogeneity In these models efficiency is allowed to change over time
(sometimes referred to as ,butwitkoat#mpdsiogragpedifie c hni c e
trend on its evolution?? In contrast, ime invariant differences between firms are assumed to

represent unobserved heterogeneitfhe models proposedby Greene (2005a, 2005bwere

dubbed as o6t (TERBahd xe@dr e & f e(@REFstdonastcffrongec nhodeds,

depending on how the unobserved individual heterogeneity is being modelled and estimated.

Using our previous notation,thesemodels can be expressed as:

f O 6h Q pBRINO pMBHB (2.17)
In the TFE model,| is a firm-specific fixed effect thatcaptures the unobserved individual

heterogeneity independent from the inefficiencyo ) and noise (U ), which are the two
elements of thecomposite erroff . To disentangle these two unobserved error components,
one needs to impose parametric assumptions on the distributions of these terms, e.g., normal
and half-normal, respectively, as in most SFA modejssuch as the assumptions shown in
equation .3). In the TRE model, | | 0 , where 0 is a symmetric random variable
with finite variance, which has a different value for each firmAgain, parametric assumptions

on this distribution are required.

However, even for the normaidhalf-normal case, these approactes are computationally
challenging to estimate, especially in the fixed effects framework. This is because, in general,
there is no closedorm likelihood of the @vithin transformationdof the composte error that

can be done through standard procedures in panel data softwat&loreover, there is also the
incidental parameters problem analogous to that in Cuesta (2000), potentially causing
inconsistency of the estimates.

To mitigate these challenges, Greené2005a) suggested using the dummy variabl®L
estimator for the fixed effects approach, supporting it with Monte Carlo evidence suggesting
that the problem of incidental parameters is, while still present, not substantial¥Yfs relatively
large. To implement it in Stata, one can use commansdfpanely xlist model(tfe) for the TFE
approach or the optionmodel(tre) in the TRE approach The additional option distribution(h)
can be used to select the hatformal distribution for the inefficiency term (the truncated
normal and exponential distributions are also available).

2 This means that while he model allows for inefficiency to go up and downit does not assume (or impose) a

trend. Inefficiency may vary from year to yeaand there is no systematic direction to the changes

BThe oO6within transformationd (or oO0fixed effects transfo
data is firstly demeaned by subtracting the means for each panel, and then the model is estimated using this
transformed data. The fixed effects can then be recovered by applying the estimated coefficients to the panel means

that were previously removed.

14
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Previous experience with these models suggests that the estimation is usually challenging
evenfor relatively large samples, especially for complex models (like tfieanslog, especially
with many variables). Some of these challenges can be mitigated by following the approach of
Chen et al.(2014) Leveraging on the properties of closeskew normal distribution, Chen et

al. established a closetbrm solution for the likelihood of the within and first-difference
transformation. This helps simplifying the computational burden to some extent, allowing
consistent estimation in the fixed effects framework via MLE.

The approach of Chen et al. was further improved by Belotti and llard2017)who proposed
using the simulated marginal MLE. Both approaches can be done in Stata usitige

community-contributed command sftfe (from Belotti and llardi (2017). The option

estimator(within) is used forthe Chen et al. (2014) estimatorT he option estimator(mmsle)is

to be used foBelotti and llardi (2018) estimator Again, the option distribution(h) can be used
to select the haWnormal distribution for the inefficiency term.

Summarizing, the models of Greene (2005a, 2005b) (and their improved estimators by Chen
et al. (2014) and Belotti and llardi (20T)) made an important improvement relative to the
earlier panel data SFA models. They allow the technical inefficiency to vary over both
individual firms and over time (in a random fashion, according to some assumed distribution,
like half-normal) and to disentangle it from the unobserved individual heterogeneity.
However:

1 These models can be difficult to estimate;

1 They do not allow for trendlike changes in inefficiency and the separation of these
trends from technical changéwhich is our principal aim here) and

T One may question whether all the inaendfi ci en
across time), as modelled in Greene (2005a, 2005b), or if there is also some inefficiency
associated with each individual that persi :
i nef f i tniae attemptdo)address this question, Colombat el (2014) proposed
what is usually-coempeneetd 6t S8FAsmotiebr which

inefficiency into persistent (over time) component and transitory component, as well
as decomposes the remaining error inta persistent (over time) component and
transitory component (statistical noise). The next section brigfexplains this model.

2.2.4 The fourcomponent SFA model

The basic fourcomponent SFA model, first proposed by Colombi et al. (2014) and elaborated
in a few other recent papersallows capturing more nuanced structuregsystemic vs.
situational) of the unobserved part that hides in the residual of a regressianalysis.
Specifically, it aims to capture separatelfpur different components of the composite error

(a) the usualrandom error outsidethe control of the firm;
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(b) the differences between units that are not explained by observed variables, usually
called unobserved heterogeneity;

(c) the long-term inefficiency, e.g., due to structural or managerial issues, usually named
as persistent inefficiency;

(d) the shortterm inefficiency that can change over timesalled time-varying inefficiency.

In the context of DNSP efficiency analysis, unobserved heterogeneity refers to differences
between firms that are not necessarily due to inefficientysuch as variations in operating
environments (which at present ae partially accounted for through posestimation OEF
adjustmentg. Persistent inefficiency could reflect established operational practices. Time
varying inefficiency, in turn, may capture shorteterm fluctuations in performance across
years.

Consider the initial SFA model @.1), reproduced asZ.18):

® | eg T hQpBRNG pfBHB (2.18)

HereT , the composite error, consistof fourunobserved components:

i |1 0 - o6 h (2.19)

where—  Ttis a onesidedrandom inefficiency effect with a single value for each DNSP, and
o} 1t a onesided random inefficiency effect with a different value for each observation.
Theserespectivelyrepresentpersistent and transitory technical inefficiency (both with finite
means and variances), represents the usual fixed or random effect to capture tiArevariant
unobserved heterogeneity acroggms, and 0 is the usual statistical noise with zero mean
and finite variance.

As usual for SFA, to disentangle these four components one negd impose parametric
assumptions on the distributions of these terms, e.g., normal for the statistical noise and-half
normal for the inefficiency, as in most SFA modelsThat is, for ' Q p8 ) AT & pfB RY

(2.20)

;
6x (O mh 8

In practice estimation may often run into computational challenges, especially for relatively

large dimensions (e.g., like th@&ranslogwith many variables). To mitigate some (though likely

not all) of the difficulties, themulti-step proceduwe Kumbhakar et al.(2014)can be deployed.

For example, in Stata it can be done as follosy
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(a) Predict combined transitory error§ ) and transitory inefficiency ¢ ) via random
effects regressiomxtregy xlist, re; then usepostestimation commandspredict esl,
e (to predict the compositetransitory elements) and:predict lam, u (to predict
lambda=| + — +E(-));

(b) Predict persistent (in)efficiency viarosssectionalSFA without regressorsfrontier
lam, distribution(hnormal) Then use:predict ineff_persistent, u(to predict the
persistent inefficiency, E€|7 ); and: predict eff_persistent, te (to predict
persistent efficiency, E(exgt)|7 ))

(c) Predict transitory (in)efficiency viacrosssectionalSFA without regressorsfrontier
esl, distribution(hnormal) Then: predict ineff_transitory, u(to predict transitory
inefficiency, E@© |7 )); and: predict eff _transitory, te (to predict transitory
efficiency, E(exp@d )|T )).

I n summary, by decomposing the unobserved
the other models, this approach is expected to have higher distinguishing power between the
noise and the inefficiency and its two distinct parts (persistent or longte and transitory or
shortterm), which is particularly relevant in a panel data contextf applied adequately, this
can provide an improved policy insight, e.g., if persistent inefficiency can be addressed
differently (with different policy actions) fromtime-varying inefficiency. This approach also
provides better statistical ocontrol soé or
reducing the chances of potential misattributing of some unobserved firm heterogenééyy.,
subjurisdictional effects not controlled by dummies) to inefficiency.

As usual, the additional benefits this model offers comes at some additional cost. This cost
comes through the additional assumptions needed to identify the model, potentially higher
sensitivity of results with respect to admitted assumptions and relatiyéligher computational
complexity. In turn, may put additional pressure ornthe quality of the dataneeded for this
model to provide robust resultg?

2.2.5 The third wavécontinued) Modelling thedeterminantsof inefficiency

Another important stream of SFA literatureallows (in)efficiency to bedetermined bysome
explanatory variables such as operating environment factors (OEF9, instead ofeither being
constant(in the Pitt and Lee approach) or timevarying according to a particular time pattern
such as the timevarying decay model of Battes€oelli 1992 or the quadratic time trend

# 1deally, all variables should consistently reflect the same output definitions across all DNSPs included in the
analysis. In practice, however, this is rarely the case. The output variables used are often proxies for the actual
services delivered, and inaporating new data can increase model complexity by introducing additional
heterogeneity
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model of Kumbhakar 1990%° The generalised form of the Kumbhakar 1990 modeas it is
implemented in thesfpangbackage andgshown in equation (2.13)supports this approach.

Kumbhakar, Ghosh and McGuckin(1991) her eafter KGM, propesed ch
truncated meand of the inefficiency term as a
In particular, they focused on thestandard model in equation (2.1), with the idiosyncratic

error component being normally distributed as shown in equatioi2.3). However, the

distribution of inefficiencies is given by

ox 0 xEQE 1 h Q pBH (2.21)

where ».is a vector of variables (assumed to be exogenous in the model) for observafibrat
are expected tadeterminedor explain the inefficiency of the observatioff¥ia some vector of
parameters (common to all observations) that is unknown and is to be estimated along with
other parameters of the model

The KGM model was later adapted to the panel data context Battese and Coell(1995b)
in which case thed p-t e u n c at efdhe meffaiendy distribution can vary over time as
well as between firms:

Q pBRINO pBHB

Battese and Coelli explain that an equivalent way of expressing the inefficiency tedm, is:
o v, " ,where” isarandom variable distributed as a truncation of a normal
distribution with zero mean and constant varianceand with the truncation point being:
" ) »-#f, (Battese and Coelli, 1995: 327)This formulation makes clear the potential
difficulties that can arise in adequately identifying both , the intercept of thefrontier model,
and] , the intercept of the function determining .

This model feferred to as the KGMBC or BC95 mode) can be estimated via MLE.These
models can bemplemented via Statacommands from Belotti et al.(2012) The panel data
version can be implemented viasfpanely xlist, model(bc95) The inefficiency and efficiency
measures can be obtained fronpredict ineff, U and predict eff, bc The postestimation
command marginalcan be used to calculate the marginal effects of theariables

The KGM -BC modelis a promising model?® However, it is worth noting its major caveats
(often overlooked in the applied literaturg

% The work of Cornwell et al. (1990) mentionedn section 3.1.2was the first attempt on this question, although
it mainly focused on modelling inefficiency with respect to time

% |t became very populadargely due to its relative simplicity and intuitive nature, as well as due to the software
packagefrontier programmed byProfessorTim Coelli, that was made freely available at that time
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1 The first, and perhaps the most important, caveat is that the estimated relationship
between ». and inefficiency should not be interpreted as causal, rather as an
empirically identified statistical dependency. Indeed, onenust be careful when
selecting the sedf » - yariables, having solid justifications for each, to avoid identifying
various 0s puri ousd r el atheipassibgitihof endogenaitynod ke e p i
reverse causality problems (pertinent to many econometrics models).

1 Another important caveat is related to the computational convergence problems that
often arise for this type of modelSome of these problems are related to inability to
accurately identify] and] together, which can be mitigated by setting TU
Similar problems may occur for some slope coefficients mand# if the corresponding
variables (or their combinations) are highly correlated, resulting in multicollinearity.
As a result, thorough diagnostics of robustness of the estimated results (e.g., with
respect to the starting values, the definition of variables) is highly advised for this
model.

Alternatively, some of the computational challenges can be mitigated by modelling the
determinants not via the mean but via the variance (or skedastic function) of inefficiency, e.g.,
as in Caudill et al.(1995)where:

ox 0 mh o xEQE »  ADID 438 (2.23)
In Stata, this approachcan be implementedn a crosssectional settingvia commands:sfcross
y xlist, distribution(hnormal) usigma(zlist)

A more general approach involveassuming the secalled scaling property for the inefficiency
term, as proposed byVang and Schmidt(2002)and Alvarez et al. (2006}

6 Qrgoh Q pBRHINO pBHY (2.24)

where "Q»:g IS some nonnegative function characterizingthe explainable part of
inefficiency via the zvariables (e.g.,Q » § A o »- ), while 6 is a nonnegative
random term, e.g., halfnormal.?’

The Wang and Schmidt (2002) model can be implementad a crosssectional contextvia
commands from Kumbhakar et al.(2015) as follows. To set up thelog-likelihood function:
sfmodely, costdist(t) frontier(xlist) scaling hscale(ist) tau cu To execute the modelml max
The inefficiency and efficiency measures can be obtained frosf. predict , jims(ineff) and
sf_predict , bc(eff) A specific variant of the Wang and Schmidt model, which may be of
interest here, is whereQ» g p Aop »& , which can be implemented in

" Note that this can be viewed as a generalization of Kumbhakar (1990) and Battesel Coelli (1992), where
some of the zvariables can include time variabke
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sfpanelusing: sfpanely xlist, model(kumb90) bt¢list). This issfpandls gener al i sed f
Kumbhakar 1990 which we discussed previously.

It is also possible to model inefficiency both through the mean (as in KGHC) and through
the variance (as in Caudill et al., 1995) together, e.g., as done by W4802) In a panel data
context it can be implemented bysfpanely xlist, model(bc995 emeanglist m) usigmaglist_u).
Inboth the emean(nogonsanadanshegmapgeagu foi ed t o set

It is worth noting that for a case where thenodel contains a time variable (e.g., to estimate
the time-trend of technological change), an inclusion of the same time variable among the
variables may lead to identification problems in all these models, especially in KGBIC
models. A more feasible alternative could be&o include the time-trend in the frontier part of
the model (to estimate average annual technological change), and a tiduenmy variable can
be included among the Zariables (e.g. to estimatéhe coefficient of change in efficiency after
some time threshold(s)).

Finally, the same type of caveats as discussed abovetfar KGM -BC model apply for these
models as well. Indeed, depending on the data, some of these models may encounter more or
less of computational issues, yet the most important cav@athe risk of identifying a reverse
causality or even a spurious relationship remain for all of them. Accurately establishing a
causal relationship would require different estimators (e.g., with a wellstified instrumental
variables strategy, differencen-difference mettods adapted to SFA or other methods) and
with appropriate data needed for such estimators to perform well.

2.2.6 Summary

In summary, the fourcomponent SFA model of Colombi et al. (2014) isf particular interest
for the present application, in principle improving orthe early SFA modelsand the Greene
(2005a,b) models. In particular, under certain assumptions (mentioned above), it would allow
to disentangle the total error into potentially four distinct components: persistent unobserved
heterogeneity, transitory unobserved heterogeneity (statcstl noise), persistent inefficiency
and transitory inefficiency. Indeed, the trasitory inefficiency there is of the same nature as
the one in Greene (2005a,b) models and is a generalization of the original inefficiency term in
the first SFA models (Aigner et al (1977)). Meanwhile, the persistent inefficiency can be
understood as the unobserved heterogeneity associated with inefficiencyrtipent (in
potentially different degrees) for each specifi@hat persist across all the time period8.

In parallel to these modelsthe SFA models that try to explain the inefficiency through some
expectedb-x ar i abl esd® are al so r ethioraview hotvever keeping t he
in mind the caveats of such models mentioned above. In particular, the KGBC (bc95)

model would be a natural starting point for this task, with a restriction that T and

% Before trying the fourc o mponent model it might still be worthwhile
from Greene (2005a) through either the estimator @hen et al. (2014) or that of Belotti and llardi (2018), after
sorting out the issues identified for the simpler models used in the earlier reports.
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thorough diagnostics of robustness of the estimated results (e.g., with respect to the starting
values, the definition of variables, etc.).

The modelswhich rely on the scaling propertycan also be exploredFor these modelsatime-
trend can be included in the frontier part of the model (to estimate average annual
technological change), and time&ariable-dummy variableinteractionscan be included among
the zvariables to estimate theatesof change in efficiency It would also be possible to include
some timethreshold(s), e.g.thetime of policy interventions, time of reforms by the regulator,
etc.

To conclude thissurvey, it is worth clarifying that, as usual in economics, there is no panacea
or a single model (or estimator) thatiga prioriot he best 6: each comes
assumptions or/and additional computational challenges, often with substantially increased
complexity for some aspects while oversimplifying other aspects. Moreover, even models that
are very appealing theaatically may still perform poorly in practice, largely depending on the
guality and quantity of data at hand.

The empirical results of theselectedtime-varying inefficiency models are presented in
Attachment B and summarised in Section 4.

2.3 Ciriteria for Econometric Models Evaluation

The evaluation of alternative opex cost functioomodels presented in this reporis based on
the criteriadiscussed in this section

2.3.1 Consistency with Economic Theory or Industry Knowledge

This involves verifying that the estimated models adhere to key theoretical expectations
regarding cost behaviour:

1 Sign andsignificance dPimary) Output Coefficier@itput variables are expected to
have a positive marginal effect on costs. When an estimated (primary) output
coefficient is negative, this violates the monotonicity condition (in the Cobb
Douglas (CD) case, at every point in the sample, and in the Trangl¢TLG) case,
at the sample mean¥® If an output coefficient is statistically insignificant,t does
not necessarily imply that the output has littleeffect on costs It may imply the
relationship is not precisely estimatedf the output variable is expected to be an
important cost driver, insignificance suggest a problem with the definition or
measurement of that variable or other problems in the model leading to such
results.

% The monotonicity requirement states that, all else being equal, an increase in output should not result in a
decrease in cost. That is, the marginal cost of outputs should be Amegative. Because the output variables have
been centred, the primary outputoefficients on the Translog model equal the output elasticities at the sample
mean.
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1 Frequency of Monotonicity Violations (MVSs) in the TLG niemfese TLG models,
we also assess the frequency of monotonicity violations at the observation I@el.
Models with fewer MVs are preferred to those with more, having regard to the total
sample, and particular regard to the Australian samplegteris paribuSor example,
for a given Australian DNSP, a TLG model is under recent practice by the AER,
considered invalid if 50% or more of the observations for that DNSP are MVSs,
ceteris paribublodels that are considered invalid for some Australian DNSPs are
considered inferior to those that are considered valid for all Australian DNSPs,
ceteris paribus

1 Reasonableness of Output Weighésoutput weights derived from the opex cost
function models can be compared to other relevant comparators. For example,
they can be compared with those used in the index analysis (which are estimated
for Australian DNSPs only), and those derived in opexcost function analysis
previously using different data samples or methoddn Translog models, the
relationship between the total output elasticity and total output can also shed light
on whether smaller DNSPs face econoras of scale and whether there is an optimal
scale.

1 Coefficients of other variables have the corrébesgiriorisign of the effect on opex
of some variables is knownFor example, the log share of undergrounding in
circuit length has a negative sign becausadergrounding has a higher capital cost
but lowers opex, as these cables are not exposed to damage or vegetation
encroachment.However, a coefficientvalue that is negative butnot statistically
different from zero is also considered acceptabéesit may imply the relationship
cannot be precisely estimatedThis criterion is reasonable given that the
undergrounding share is not a primary output in the cost function but rather an
operating environment factor. On average across the sample, this factor may not
exert a statistically significant effect on costs

2.3.2 Convergence

Particularly for models estimated using maximum likelihood, convergence of the estimation
algorithm is a critical requirement. Models that do not converge are not considered reliable.
Other computational problems can arise, such as inability to calculate some or all of the
parameter standard errors. While failure to calculate one or two parameter standard errors
may not be fatal, if many or all of the standard errors are missing, thislMypically impact on
calculations that can be made from the model. $b models cannot be used.

Optimisation will not necessarily always reach a global optimum, instead it may reach some
local optimum. Different optimisation algorithms are available in Stata which can assist to

0 Unlike Cobb-Douglas models, Translog models offer greater flexibility by allowing the marginal effect of outputs
on costs to vary across observations.
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address such problems. Further, parameters that do not fall within a domain of reasonableness
may also flag that a computational problem has occurred.

2.3.3 Goodnessof-fit

We evaluate the explanatory power of the models using measures such as the Bayesian
Information Criterion (BIC) when it is available for both models being compared that are
relatively similar (although not necessarily nested). We also report the adjustegdtiared for

the models estimated with leassquares methodand consider the pseudadjustedR?, which

is available for all models Models with substantially higher goodnessf-fit statistics are
preferred, provided they also satisfy theoretical and specification criteria.

2.3.4 Performance on Specification Tests

Statistical tests and plots are used to assess whether the model is appropriately specified,
including:

9 Statistical tests and plots are used to investigate the normality and
homoskedasticity of residuals. Similarly, significant correlations of residuals with
efficiency scores may imply inaccurate efficiency estimates if such correlation is
not part of the madel.

1 Specification tests (e.g., thénktestin Stata)

1 Multicollinearity and its impact on parameter standard errors (e.g., variance
inflation factors).

1 Hypothesis tests of the single and joint significance of parameters (e.g., the seeond
order terms in the TLG model, the jurisdictional dummies, etc.).

2.3.5 Stability to Sample Changes
The stability of models can be tested by varying the sampéasgth. For example:

1 Beginning with the period 20062018, and sequentially adding one more year at
the end to reach 20082023. Then evaluate the stability of each parameter or
statistic of interest (eg, output weights, efficiency scores, goodnes$dit, per cent
of MVs) over these six sample periods.

1 Beginning with the period 20182023, and sequentially adding one more year at
the beginning to reach 20032023. Then, evaluate the stability of the parameters of
interest over these sample periods.

In total, this would represent 12 different sample periods over which the statistics can be
calculated. The standard deviations of the parameters and statistics of interest will provide
information on the stability of the models.
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2.3.6 Consistenkfficiency Scores

We are not seeking any predetermined result. As noted in Section 1.2, changes in model
specification will inevitably alter efficiency scores because each specification captures factors
that earlier models omit. Some variation is therefore both expected aadceptable, provided
the model meets the agreed selection criteria. All models carry some uncertainty, which the
AER already moderates through its 75 per cent efficiency threshold, p@stjustment factors,
and by avoiding fully mechanical price resets.

Experience shows that models with excessive monotonicity violations produce unreliable
efficiency scores; such models are excluded from the DNS#ficiency average. Seeking
models that eliminate excessive MVs should therefore yield differényet more credibléi
efficiency estimates.

If a new model delivers efficiency scores that differ markedly from previous benchmarking
studies, historicOpex M PFP results, or established DNSP rankings, the discrepancy should
be investigated and explained. Consistency checks remain essential.

Consistency across specifications using the same modelling approéch as CobkDouglas

and Translog functional formg is also important. Where appropriate, efficiency scores should
be compared across these specifications. While some variation is expected, the results should
be broadly consistent within a reasonable margin.

2.3.7 Parsimony

If two models perform similarly, the more parsimonious model is usually preferred. A
preferred model should also be straightforward to apply, e.g., with reliable software packages
and minimal troubleshooting required.
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3 PreliminaryAssessent: Options toRefire Current Models

This chapter summarises the findings of testing the various opportunities for refining the
current models discussed in section 2.1, excluding the tiraarying inefficiency approaches,
which are addressed in chapters 4 and Bhe details of the modelling summarised in this
chapter is set out in Attachment A.

Here, we first present the results for the Haflormal SFA model, followed by an alternative
approach to estimating the LSE model. This is followed by a model incorporating two
additional outputs to address potential omitted variables, and then a model includiag input
price component. The section concludes with a summary of findings.

3.1 Standard SFA with Haérmal inefficiency distribution

As discussed in section 2.1, although the truncated normal distribution of inefficiencies has
greater flexibility than the more restricted halhormal distribution, estimation of the
additional parameter can give rise to computational identification probhes, given the
constant term in the frontier function. In this section, we summarise the results of testing the
half-normal distribution (with details in Attachment A).

In the half-normal SFA model, the main output variables are statistically significant and
display the expected positive signs across all modebscept the SFATLG shortperiod model
shows negative coefficient with customer number3he share of undergroundingvariable is
of the expected signr(egative and statistically significant in the longperiod models but not
significant in the shortperiod models. The time trend variable is positive in all models, and
statistically significant in all but the shorperiod CD model. These results are consistent with
those obtained for the TruncatedNormal specification. However, the SFATLG shortperiod
model with Truncated-Normal inefficiency distribution did not converge whereas he half
normal SFATLG models converge in both periods.

Table 3.1 presents the output elasticities for the Haflormal models in both the long and short
periods, compared to the standard truncatesormal models. The results when using the half
normal distribution are close to those of the standard model. The only excegiiis the short
period SFATLG model, the standard version of which did not converge, whereas the half
normal version, while convergent, is not satisfactory, having a statistically insignificant and
negative elasticity on customer numbers at thammple mean.

Both the half-normal SFATLG model exhibits a high proportion of MV s in both long and
short periods. In the Half-Normal SFATLG model for the long period, 60.3 per cent of
Australian DNSPs and 41.3per centof the total sample display MVs. Tlese are slightlyower
than the corresponding figuresor the standard (tuncatednormal) model; 79.5 per centand
45.4per centrespectively In the shortperiod half-normal SFATLG model, MVs occur in 100
per centof the Australian DNSPs and 67.9per centof the total sample.As previously
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indicated, although the halfnormal SFATLG model does converge, the resulting model is not
satisfactory.

Table3.1 Outputelasticities Comparison with standard SFA model

Half-normal SFA Standard (truncated normal) SFA

Long Period Short Period Long Period Short Period

Sample CD TLG CD TLG CD TLG CD TLG
Cust. 0.280 0.318 0.283 -0.021 0.280 0.318 0.251 NA
CL 0.122 0.147 0.244 0.487 0.129 0.166  0.307 NA
RMD 0.560 0.483 0.428 0.410 0.553 0.443  0.392 NA
Total 0.963 0.948 0.955 0.876 0.962 0.927 0.9%0 NA

Figures 3.1 and 3 compare the efficiency scores of the hatiormal and standard (truncated
normal) SFACD and SFATLG models respectivelyfor the long sampleand for the SFACD

in the short period The SFATLG short-period efficiency scores are not comparedsthey are
not available for the standard SFATLG model The efficiency scores estimated by the half
normal distribution of inefficiencies are very similar to those estimated using the truncated
normal distribution.

Figue 3.1 Efficiency ScorasSFACD modetd.ong Periot
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* The correlation coefficient between the efficiency scores from the halirmal and truncatednormal models is
equal to 1 On average, he half normal efficiency scoresare 0.2% higherthan thosefrom the truncated normal
model.

In conclusion, the Hal-Normal specification resolves the convergence issue in the short
period SFATLG model, but remains unsatisfactory in other respects, including coefficients
with incorrect signs, severe monotonicity violations, unreasonable overall output elasticities
and abnormal efficiency scores in some instancé<r the CD models for both periods and the
long-period TLG model, the estimated efficiencyscores andutput weights are very similar
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to those estimated by the standard model using the truncated normal distributicof
inefficiencies. This shows that the more flexible truncatembrmal assumption does not
translate into a significantly different distribution of efficiency score estimatds the SFATLG
long-period model, the frequency of MVs is slightly lower under the Halormal assumption
than under the TruncatedNormal assumption.

Figure3.2 Efficiency ScoresSFATLG modelkong Periotl
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* The correlation coefficient between the efficiency scores from the hathrmal and truncatednormal models is

equal t00.994.0n average, the half normal efficiency scores are 2.3% higher than those from the truncated normal
model.
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* The correlation coefficient between the efficiency scores from the kathrmal and truncatednormal models is
equal to0.976. On averagethe half normal efficiency scores are 5.2% higher than those from the truncated normal
model.
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Although the Half-Normal specification does not address the MV problein and is not
intended tai it can offer improvement by enhancing the computational stability of SFA
models, particularly their convergence. That said, whilst the hatiormal assumption ensures
convergence in cases where the truncatedrmal model did not converge, the resulting
models remained inadequateGenerally, the efficiency scores from the hatiormal model are
similar to those from the truncated normal model, with correlations exegling 9 per cent in
the two long period models, 97 per cent in the SFACD short periathse.On average, the half
normal model produces efficiency scores that are 2.6 per cent higher than those of the
truncatednormal models. The Half-Normal model slightly improved the MVs Also, in the
long-period models, the coefficient off in the TruncatedNormal specification is not
statistically different from zero suggestinghat the truncated distribution does nosignificantly
depart from theHalf-Normal restriction when the ABR24 long-period data sample is used

These results suggest thétte Half-Normal model could enhance the computational stability
of SFA models without materially affecting the estimated output weights or efficiency scores.
One may arguen favour of the greater flexibility of the Truncated Normakcompared with the
Half Normal distribution. However, the results presented here suggest that the hadfmal
assumption is anarginal improvement against the truncatediormal specification.W e believe
that the Half-Normal specification offerscomputational advantages Hence, the AER may
want to further examinethis assumption inthe context of the standardmodel asthe dataset
expands over time Although it does not resolve almodelling issues,especially in the shor
period sampek, it mitigates some and provides a workable pathway for addressing others.
Indeed, the variousunresolved issues may be more related to data limitations, omitted factors,
or other empirical challenges rather than the inefficiency distribution itseMVe consider that
the Half-Normal specification represents the more parsimonious choicerhich provides a
suitable assumptionfor exploring more computationaly challenging models such & time-
varying inefficiency models

3.2 Alternative methods of estimating the LSE models

The standard LSE employs the panekorrected standard errors (PCSE) technique with
inefficiencies measured byjixed effects only for Australian DNSPsThe Stata implementation

is via xtpcsey xlist, c(a) het where xlistincludes fixed effects for Australian DNSPsand the

options specify paneHevel heteroskedastity with a first-order autocorrelation structure

(AR1).

The standard LSE method is a particular form of the corrected ordinary least squares (COLS)

method of estimating an efficiency frontier.This section briefly summarises the results of

testing an alternative COLS method, which estimates an inefficiency measure for all DNSPs

in the sample. This isa panel datafixed effects modele st i mat ed usi ntre§t at ads
y xlist, fe.
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The results of tle fixed effectsanalysis show that the coefficients obtained from this model
differ substantially from those in the standard model presented in the 2024 benchmarking
report (Quantonomics 2024 Appendix C). With respect to thefirst-order output coefficients?!

the coefficient on customer numbers is not statistically significant in either the CD or TLG
models in either the long or short period. In the short period models, it is negative. The
coefficients on circuit length and RMD are all positive. However, ciratilength is insignificant

in the long period CD model, and RMD is insignificant in the shorperiod TLG model. These
results suggest that the Fixed Effects model fails to produce reliable coefficients for the three
main outputs, particularly due to lack of statistical significance and monotonicity issues.

The rho value is high in both models, indicating that the majority of the variation ifog opex

is due to systematic DNSP-specific factors This is consistent wi t h
previous observations that much of the sample data variation relied on to identify the main
parameters of the model is crossectional variations.

Monotonicity violations are extremely high, representing 95.7 per cent of all observations on
Australian DNSPs in the TLG long-period sample, and 64.5 per cent of all DNSPs. In the
short sample, they represent 100.0 per cent of Australian DNSP observati@msl 73.1 per
cent of all DNSPs.

The efficiency scores are generallery low, and the rankingsdiffer markedly from those
observed inthe standard models.In the long sample period, the average Australian DNSP
efficiency score is 0.337 in the CD model and 0.139 in the TLG model. In the short sample,
the corresponding efficiency scores are 0.645 a#td072 respectively.

These resultsinderscore that expanding the fixed effects specification froomly Australian
DNSPs to all DNSPs significantly affects the parameter estimates overafurther, the model
produces unreliable efficiency scores. It does not represent an improvement over the standard
LSE method.

3.3 Including additional outputs

The standard econometric opex cost function used in the ABR incorporates three outputs:
customer numbers, circuit length, and ratcheted maximum demand (RMD). In contrast, the
TFP index analysis includes five outpuf$ the same three, plus energy delivered dicustomer
minutes off supply (CMOS). The exclusion of the latter two variables from the econometric
analysis was primarily due to concerns about data availability and reliability for international
DNSPs (Economic Insights, 2014) Additionally, there were concerns about potential
multicollinearity arising from their inclusion. We have been able to obtairfor international
DNSP data for energy delivered and, with some challenges, we have extracted measures of

% The first-order output coefficients represent the costutput elasticities, in the TLG model only at the sample
mean values of the outputs (since the log outputs are centred at the sample means).
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the System Average Interruption Duration Index $AIDI) on a similar basis to the measure
used by the AER for calculating CMOS.

This sectionsummarises the results wheimcluding energy delivered and CMOSDetails are
provided in Attachment A.

In these models, the role of CMOS differs from that in the productivity index analysis. In the
index analysis, CMOS is a negative output, because the costs to customers of outages
represents the negative value of this output. In these econometric modete toefficient on
CMOS reflects the partial effect of customers interruption on opex, which will be associated
with the cost of dealing with outageshrough reactive maintenanceM ore outages will require
more work in rectifying the supply failuresHowever, it is also the case that higher levels of
routine (preventative)maintenance should reduce the frequency of outagéhe sign of the
coefficient on CMOS will depend on which effect is more important. More importantlythere

is an endogeneity issue with the inclusion of CMO&s an explanatory variable for opex,
because it is not fully exogenous

3.3.1 Models with 5 outputs

In the long period, all four models (SFACD, SFATLG, LSECD and LSETLG) yield positive
coefficients for the five output variables, although not all are statistically significant at the 5
per cent level. In the LSECD and SFACD models, Energy Delivered is naignificant, while

in the LSETLG model, CMOS lacks significance. The SFATLG model shows two
insignificant outputs: Circuit Length and Energy Delivered. In the short period, results are
more mixed. Most outputs areof the expected signgositive) and significant. However, in the
LSECD model, RMD is negative and not significant. In the LSETLG model, CMOS is
positive but not significant. The SFACD model shows Customer Numbers and RMD as
positive but not significant. In the SFATLG model, Customer Numbers are rgative and not
significant, and RMD is positive but not significant.Unlike the standard models where the
SFATLG specification for the short period failed to converge, in this extended specification it
achieves convergence.

Overall, including the two additional outputs generally worsens model performance in terms
of monotonicity violations when compared to the standard specification. In the long period,
MVs for Australian DNSPs account for 72.2 per cent of observations undeSETLG and 77.8
per cent under SFATLG. For the full sample, the corresponding totals are 48.3 per cent for
LSETLG and 71.2 per cent for SFATLG. In the short period MVs become even more
prevalent. The total violation rate for Australian DNSPs reaches 98.7ep cent under both
LSETLG and SFATLG models. For the full sample, violations rise to 70.0 per cent for
LSETLG and 89.8 per cent for SFATLG.

Overall, the five-output specification produced weaker results compared to the standard
ABR24 models. This is primarily due to the lack of statistical significance in some output
coefficients and a substantial increase in monotonicity violations across allG models. The
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only apparent advantage is that the SFATLG model converged in the shqrériod estimation.
However, this gain is limited, as the resulting estimates are not considered reliable.

3.3.2 Models with 4 outputs including CMOS

In this model the inclusion of CMOS is the only change to the standard model. In the long
period, all four models (LSECD, LSETLG, SFACD, and SFATLG) produce positive and
statistically significant coefficients for all four output variables. Similar to théandard models,

the short period SFATLG model does not achieve convergence. In the three successfully
estimated short period models, the estimated output coefficients are all positive and
statistically significant.

The frequency of MVs for the LSETLG and SFATLG models in the long and short periods is
broadly similar to the standard models. In the long period, the frequency of MVs among
Australian DNSPs is 34.6 per cent for LSETLG (compared to 22.2 per cent for the
corresponding standard model) and 71.4 per cent for SFATLG (compared to 79.5 per cent).
In the short sample period, the LSETLG model has MVs in 65.4 per cent of observations on
Australian DNSPs (compared to 48.7 per cent in the standard model). Hence, thelusion of
the additional output variable does not result in any improvement regarding MVs.

The efficiency scores produced by the models that include CMOS are, in most cases, similar

to those produced by the standard models. This is especially so for the LSE models. For
example, in the longperiod LSECD and LSETLG models, the average absolute psgntage

differences in efficiency scores from the standard model are 0.4 percent and 0.9 per cent
respectively, and the differencdd2pencentamkO0d4aver ag
per cent respectively. In the SFACD and SFATLG models the efiency scores tend to be

slightly higher in the CMOS models. The average absolute percentage differences in efficiency

scores from the standard model are 1.9 percent and 5.0 per cent respectively, and the difference

in the aver age DNSIpe ceatfarfdi3.2 perecant rgspestivelyr e

In this model, the four output coefficients are all positive and statistically significant. However,
there is no improvement and, if anything, a slight deterioration in MV performancsompared

to the standard specification Like the standard model the SFATLG model for the short
period fails to convergeThe efficiency scores are similar. It may be that this model represents
a slight improvement over the standard model by including a variable that appears to be
statistically significant. However, if so, itis a very small improvementFurthermore, there is

a concern that including the CMOS variable may introduce endogeneity.

3.3.3 Models with 4 outputs including Energy

In this model the inclusion of Energy Deliveredis the only change to the standard model.
Unlike in the standard SFATLG model, this extended specification achieves convergence in
the short period.In the long period, all four models generally produce positive coefficients for
the four output variables, and except for a few instances, they are statistically significant. In
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the LSECD model, RMD is not statistically significant at the 5 per cent level and in the
SFATLG model, Circuit Length is not significant (although each is significant at the 10 per
cent level). In the SFACD model, Energy Delivered lacks statistical sigréaince.

In the short period, RMD is not statistically significant in any of the four models, and is
negative in the LSECD and SFACD models. In the LSECD and LSETLG models, the other
three outputs are all positive and statistically significant. However, in both tH&FACD and
SFATLG models, the Customer Numbers coefficient is not statistically significant, and in the
SFATLG model it is negative.

The inclusion of the energy delivered output leads to a considerable increase in MVs compared
to the standard models. In the long period, the rate of MVs among Australian DNSPs is 59.8
per cent for LSETLG and 78.6 per cent for SFATLEcompared to 22.2 per cersnd 79.5 per
cent for the corresponding standard mode)s For all DNSPs, the rate is 44.5 per cent for
LSETLG and 67.3 per cent for SFATLG(compared to21.9 per centand 45.4per centfor the
standard models). In the short period, MVs for Australian DISPs, reach 98.7 per cent for
LSETLG and 100.0 per cent under SFATLG(compared to48.7 per centand 100.0per cent

for the standard models). For the full sample, violations rise from 68.6 per cent under LSETLG
to 88.9 per cent under SFATLGcompared t036.6 per centand 71.4per centfor the standard
models).

As with the preceding models that include CMOS, in the models that includes Energy
Delivered the efficiency scores produced by the LSECD and LSETLG models are similar to
those produced by the standard models. However, the SFACD and SFATLG models produce
efficiency scores that vary to a greater degree from those of the corresponding standard
models. In the longperiod SFACD model, the efficiency score of the average Australian
DNSP is 2.0 per cent lower in the model that includes Energy compared to the standi
model, and the average absolute percentage difference in efficiency scores is 2.4 per cent. In
the long-period SFATLG model, the efficiency score of the average Australian DNSP is 3.5
per cent higher than in the standard model, and the average absolpéecentage difference in
efficiency scores is 7.8 per cent.

In summary, compared to the standard ABR24 models, this specification performs worse
several respectsSeveral output coefficients are not statistically significant, anithe Translog
models exhibit an increase inMVs. While the SFATLG model did achieve convergence in the
short-period estimation,the resulting model inot reliable. These observations tend to support
the previous concerns of Economic Insights that the inclusion of Energy Delivered results in
excessive multicollinearity.

3.4 Input prices

As discussed in section 2.1, cost functions typically include input pricés.the A E R étandard
opex cost function, the dependent variable is nominal opex divided by a composite index of
opex input prices. The resulting function could be interpreted as the demand function for ron
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capital inputs. In addition to being a function of output and OEFs, it may be a function of the
prices of capital and norcapital inputs3? Input demand functions should be homogeneous of
degree zero; ie, if all input prices increase by an equal proportion, then the demand for the
input must remain unchanged? Including input prices only in relative terms, such as a ratio
or log ratio of capital and nonrinput prices, satisfies that requirement.

We have explored the inclusion of the log ratio of the prices of narapital and capital inputs.

The purpose is to determine whether these variables have any effect on log real opex, which
depends on whether there is substitution between inputs. For this purpose, we have developed
a price index for capital services input, based on the method of Jengon (1967) and
consistent with the user cost of capital method used by the AER in calculating input index
weights.

The weighted average cost of capital, which is one element of the price of capital inputs, is
equal to the nominal riskfree rate of return and a weighted average risk premium for debt and
equity. The riskfree rate of return is based on the yields of government leteym bonds and
varies between jurisdictions. The risk premium is assumed to be common across jurisdictions.
This is a simplifying assumption, sufficient for the present exploratory analysis, and given the
potential limitations of confidently quantifying differences in risk premia between jurisdictions
with available regulatory disclosure and other readily available publiata.

The coefficient on log ratio of opex input price to capital input price is expected be negative.

It is equal to the elasticity of opex input demand with respect to the opex input price (which
should be negative), and the negative of the crgssce elasticity of opex input demand with
respect to the capital input price (which should be pdsie if the two inputs are substitutes).
The estimation results show that the coefficient on the log input price ratio is negative and
statistically significant at the5 per cent level across all estimated models. Hence, the sign of
the coefficient is consistent with economic theory in all models. The price elasticities are small,
ranging from 0.06 to 0.15 (in absolute value), which suggests that there is not a great dé
substitutability between opex (norcapital) inputs and capital inputs.

The findings suggest that the input price ratio is potentially an omitted variable. That said, the
inclusion of the input substitution variable did not result in any notable improvements over
the standard models in terms of goodnesd-fit or convergence éthe SFA-TLG model in the
short period. Further, the introduction of the input price ratio has little effect on efficiency
score estimates. The rankings of average efficiency scores for the irguiistitution models
show only minor differences compared tthe ABR24 results.

* This is becausgaccording microeconomic theory (as well as practical intuition)a firm may adjust its mix of
capital and opexinputs in response to relative changes itheir prices, seeking to minimise total costs for a given
level of outputgiven the technological substitution possibilities

3 When there is no change in relative input priceor given output levels) there is nochange in the optimal input
mix, and hence the quantities of each input demanded remain unchanged.
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In most cases there is a very modest improvement in the frequency of MVs relative to the
standard TLG models. However, this not consistent across both the LSE and SFA models in
both the short and long periods, and the improvement is only marginal. This g&pts that the
inclusion of the input price ratio does not substantially improve the problem of monotonicity
violations in the TLG models.

The main implication of these findings is that including the log ratio of input prices into the
model may yield some marginal improvements.

There remain measurement issues in relation to the price of capital inputs, for example relating
to cost of capital parameters and depreciation rates. Assumptions were needed to construct
some of these parameters, and there is room for improvement. For exale, there remain
guestions about the calculation of the risk premium in the cost of capital, including the
imputation of missing values for these parameters in jurisdictions and years where they are
unavailable; whether there should be any averaging offameters across jurisdictions; and
whether all of these parameters should be treated as constants or be allowed to vary over time.

3.5 Concluding Comments

The analyses summarised in this chapter address the opportunities for refining the current
models listed in section 2.1. The main points are:

1 There are good reasons for preferring the assumption of hatdrmally distributed
inefficiencies rather than truncateehormal inefficiencies. The literature, especially
Ritter and Simar (1994) finds that the latter can more often have computational
identification problems. Estimation of the half normal model using the ABR24 data
sample shows that the halhormal model resolves the convergence issue in the short
period SFATLG model. However, some computational problems remain, such as
irregularities in the efficiency scores. Thigndicates that while the halfnormal
specification is computationally more stable, it does not fully resolve all issues
Although it does not address the problem of matonicity violations, it is not targeted
at solving the MV problem. The estimated efficiency scores are very similar to those
estimated by the standard model using the truncatesbrmal distribution of
inefficiencies.

1 The standard LSE model can be characterised as a form of the COLS method of
estimating an efficiency frontier. A common way of estimating a COLS model is to
use panel data fixed effects estimation. This implies a measure of inefficiency for every
DNSP in the sample, not only Australian DNSPs. Testing this approach with the
ABR24 data sample shows that the panel data fixed effects approach fails to produce
reliable coefficient for the three main outputs, particularly due to lack of statistical
significance. This is because much of the sample data variation relied on to identify
the main parameters of the model is crosectional variation. It also produces
extremely high frequencies of monotonicity violations the estimated and efficiency
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scores are generally unrealistically low. These results show that expanding the fixed
effects allowed for in the model yields unreliable results.

Although the TFP index analysis includes five outputs, Economic Insights did not
include two of them in the opex cost function analysisenergy delivered and CMOS
(which is a 6badd output, as it i mposes
inclusion of these two outputs, and the results suggest that the inclusion of energy
delivered introduces an increased degree of multicollinearity,aking it more difficult

to obtain sufficiently precise and reliable estimates of the output parameters. This
reduces tle performance of the models in several respects including increasing MVs.
The inclusion of CMOS does introduce a statistically significant variable, although its
interpretation differs from its use in the TFP index analysis. Although it appears to
represet a small improvement, in all respects iteffect on the model is marginal. On
the other hand, there is a concern that the CMOS variable is not independent of opex,
and its inclusion may introduce endogeneity. Hence, we find no benefits to including
theseother two outputs.

The inclusion of the log ratio of capital and norcapital input prices would permit the
opex cost function model to take account of input substitution. This is a loAgn
phenomenon which has not to date been the focus of opex efficiency modelling. We
have tested this approach by constructing a price index of capital inputs; howeyer
some assumptions need to be made in this exercise. It is found that the log ratio of
input prices is a statistically significant determinant of real opex, and its sign is catre
(negative) The implied substitution effect on opex is small. The inclusion of the log
ratio of input prices into the model may yield some marginal improvements. However,
there remain measurement issues in relation to the price of capital inputs to be resolved
and further developed before it could be used in the benchmarking model.
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4 Feasibility offime Varying Inefficienéypproaches

In this section we examineseveralalternative timevarying efficiency models.Section 4.1
begins by relicatingFr ont i er Economicsd proposed model
selected approachedor testing alternative methodologies to incorporate timearying
inefficiency into the AERIGwErebudimdihSeatond.i ng f r ame

The following main approaches are discussed

1 Section 4:2The theoretically attractive four-components method of Colombi et al
(2014). In this approach, the residual, after excluding inefficiency, has a transitory
component which is the idiosyncratic disturbance, and a nemansitory component,
which is interpreted as the effect of unobserved heterogeneityie one-sided random
component associated with inefficiency, also has transitory and ndransitory
components. This is intended to allow for a more refined understanding of the
unobserved elements a regression's residuals by distinguishing between systemic and
situational factors.

1 Section 4:3Models relying on the sfpanetodel option bc95(other than the Frontier
Economics model discussed in section 4.1). Thigpresents the Battese and Coelli 1995
approach which allows the prearuncation mean of the inefficiency distribution (ie; )
to be a linear function of explanatory variables. Here time trend variables are used.
This is a highly flexible command, which also allows the variance of the inefficiency
distribution and the variance of the idiosyncratic error to both be linear functions of
other variables.Eight variants of this method werdested.

1 Section 4:Models relying on the sfpaneinodel option kum%®, which is a generalisation
of the Kumbhakar (1990) model. As discussed in section 3.1.5, the timearying
inefficiency term 6 "Q»# &, where 6x~ 1 , and ‘Q»#, p
Ao® & . Here the zvariables are time trend variablesFour variants of this
method were tested.

1 Section 4:5Alternative modelling approaches usind-SE models which incorporate
not only firm-specific fixed effectdor Australian DNSPs to measure inefficiency, but
also interactions of those effects with time trends to allow for tiragarying inefficiency.
Four variants of this method were tested.

1 Section 4: The Cornwell et al (1990) method described in section 2.2. This approach
is based on corrected ordinary least squares (COLS) and provides for a highly flexible
relationship between individual firm inefficiencies and time, involving a great many
parametes. Two variants of this method were tested.

Regardingthe BC95 and Kumb90 sets of models, and to some extent with the LSE models,
in each model we test some alternative methods of incorporating time trends to measure {ime
varying inefficiency. These are
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(a) Jurisdictional time trends(JTT) for Australia, NZ and Ontario;
(b) Individual time trends for Australian DNSPs (used in the LSE models only); or

(c) Individual time trends for Australian DNSPs, and Jurisdictional time trends for NZ and
Ontario.

Technical change is modelled via two alternative methods:

()  The time trend variable used in the standard model. When jurisdictiespecific or firm-
specific timevarying inefficiency effects are included in the models, this general time
trend seeks to measure technical change.

(i)  The full sample period is divided into 6 period$*
o 20062008
o 20092011
o 20122014
o 20152017
o 20182020
0 20212023

In the long-period, 5 of these periods are represented by dumpmariables for each
period. In the short period 3 are represented by dummieshis approach referred to
as O0gener al t e c h folloves BdltagcahdaGrifGine(ID88) S&8 dfyears
are used rather than individual years to conserve degrees of freedom.

In addition to these alternativesin the bc95 modelsve have also tesed whether the variance

of the idiosyncratic disturbance is related to crosgectional measures of DNSP scal@he mean
values of log output variables for each DNSP were used. When a single measure of scale was used,
such as mean log customer numbers per DNSP, or the weighted average of the mean values of all
three outputs per DNSP, the scale effect was found te Istatistically insignificant. Alternatively,
when the three outputs werericluded separately in commands that could accommodate this, they
were found to be significant, but with a mix of positive and negative signs. This raises a concern
that the resulting correlations may be spurious, since the outputs are correlated with eattter.

For these reasons, we do not report the models where heteroscedasticity of the idiosyncratic
disturbance is determined by DNSP scale.

For convenience, we have adopted a naming convention using suffixes to identify the different
modelling approaches. These are:

* The choice of periods as three-year intervalsis convenient because the short sample excludes the first two
periods
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f Pretruncation meanf inefficiencielN refers toeither the half-normal distribution of
inefficiencieswh i ch means-ttrhuatc att h @ isagoea whére there
is a linear function determiningm such thatthere isno constant term.

1 Determinants of tinvarying inefficiencyTT indicates that timevarying inefficiency is
modelled using jurisdictionspecific time trends; ADTT means it is modelled using
Australian DNSP-specific time trends; and AJTT mean there are time trends for each
Australian DNSP and jurisdiction-specifictime trends. These suffixes are not included
for some SFA methods which have a specific approach to modelling tirvarying
inefficiency.

1 Technical chang&he GTC suffix indicates that technical change is modelled using
dummy variables for distinct periodg5 for the long period and 3 for the short period)
If GTC is absent the standard method is applied (i.e. using the year variakiteproxy
technical changg.

The discussion focuses primarily on the longeriod specifications of the timevarying
inefficiency models, as these account directly for changes in inefficiency and therefore reduce
the reliance on the shorperiod results. This focus is also warranted bause the shorperiod
models generally performed poorly. Further details on both the longnd shortperiod time-
varying models are provided in Attachment B.

41 CNRBYUGASNI 902y2YA04aQ {LISOATFTAOILIGAZ2Y

As part of the Evoenergy submission t@Quantonomics (2024), Frontier Economics (2025)
provided sever al comments on approaches to
estimates.In particular, it considers the assumption of timénvariant inefficiencies as serious
misspecification. Frontier Economics also noted that thejurisdictional time-trend models
explored by Quantonomics (2024)suggestikely differences acrosgurisdictions in the effects

of changes in OEFs over the sample periodhese differences, it argues, should be captured
through separate time trendsFrontier Economics also conducted a residual analysis,
suggesting that omitted variables may be captured in the residuals, indicating potential model
misspecification.

Frontier Economics recommended usinghe BatteseCoelli 1995 (bc9% model, in which the

Opreuncation meand of the stochastzvaiablesias f f i

a starting point for investigating timevarying inefficiency in SFA models Using this method,
Frontier Economics presented an examplef an SFATLG time-varying inefficiency model
using the short periodIt emphasisedthat this modelwas intended solely to demonstrate the
use of thesfpanetommand in Stata andvas not a proposed or preferred specificatioRrontier
Economicsprovided the Stata code and output files used in its analysimabing us to replicate
its model. In doing so, we have also run the corresponding SFACD version.
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In the Frontier Economics model, the linear function that determines thed p-truaecation
meand of t he i ne indludes aneinteccgpt, @nd the -waiiables taredommy
variables for 60 of the 61 DNSPs in the sample and jurisdictiespecific time trend variable$®
There is no explanation forDNSP-specific fixed effects in determiningg additional to the
random effect in” ; recalling from section 2.2.5 that in this modethe inefficiency termé
can be expressed a® »#, " ,where” s arandom variable distributed as a
truncation of a normal distribution with zero mean and constant variance, and with the
truncation point being: 6 1 >t

To produce starting values for the main TLG model, FrontieEconomics first estimated

simplified model s. Unli ke the AERG6s approach,

ordinary least squares (OLS), FrontieEconomicshas two steps using OLS and then SFA to
estimate the CobkDouglas (CD) model. For estimating the final SFA model, initial values
equal to zero were used for the secoratder TLG terms, and the coefficients of the-zariables
(the country-specific dummies ad the jurisdiction-specific trerds). The DavidordFletched
Powell (DFP) algorithm was chosen for numerical optimisation.

Tables4.1.1 and4.1.2 present our replication of Frontier Economics Model in both the CD
and TLG version for both the long and short sample period3.he shortperiod TLG results
can be compared td@ able 1.22 of Frontier Economics (2025) Frontier E ¢ 0 n o @D sherg

period resultsare available in itssupporting flesWe ar e abl e to replicate |

results to a reasonable degree of precision, although we aneable to obtain the exact
parameters reported by FrontieEconomics using the sfpael command3® Most of these
differences are under per cent.Discrepancies of this kind are common when usingomplex
MLE models.

Frontier Economicsalso included in its report a figure showing the efficiency scores produced
by its SFATLG short-period model (Frontier Economics 2025 p.11). However, these are not
the direct results of its model. The directly estimated efficiency scores are shown in Table 4.1.3
and Figure 4.1.1. As Frontier Economics noted in its Stata program, its SFATLG model did
not produce efficiency scores for all DNSPBecause of extremely large negative values of the
inefficiency intercept for two DNSPs3” which led to a division-by-zero error in the calculation

of the conditional expectation of the inefficiency termTo work around this problem, Frontier

E ¢ 0o n o méaoanded] the BC1988 formula to use the lognormal functionality in Stata®

% The time trend variabled§ aus_yr, nz_yr, and ont_yii are each defined as y® 2017.5 for their respective
countries. The reference year, 2017.5, is the midpoint of the 2@P®23 period (or 2014.5 for longperiod models),
which Frontier Economicssuggests facilitates both interpretation of parameter estimates and optimisation of the
model.

% We ran Frontier EconomicsiStataprograms using both Stata version f4which appears to be the version used

by Frontier Economicsi and Stata 19. In both cases, the results differed from FrontiEconomicd out put s,

only for the sfpanetommand. All other estimation commands were replicated without discrepancigsvalues
%" More specifically, 2 Australians DNSPs, PCR and UED.
% Coding comment in 20250414 SF models.do
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This was done by manually reconstructing the efficiency scores for Australian DNSksthe
SFATLG model.

The frequency of monotonicity violations (MVs) in the TLG versions of these models are
shown in Table 4.1.4.

Table4.1.1 Frontier Economicsiodelresults fong period)

SFACD SFATLG
Variable Coefficien SE toratio Coefficien SE toratio
Frontier
lyl 0.475 0.047 10.13 0.639 0.061 10.54
ly2 0.136 0.022 6.29 0.087 0.022 3.89
ly3 0.365 0.047 7.78 0.226 0.061 3.730
lyl1l -0.196 0.646 -0.300
ly12 -0.023 0.221 -0.100
lyl3 0.266 0.455 0.580
ly22 -0.010 0.094 -0.100
ly23 0.083 0.143 0.580
ly33 -0.425 0.356 -1.200
1z1 -0.069 0.028 -2.49 -0.097 0.038 -2.580
yr 0.009 0.001 8.11 0.007 0.001 6.300
jur2 0.048 0.041 1.17 0.134 0.090 1.480
jur3 0.216 0.036 5.94 0.227 0.101 2.240
_cons -7.654 2.177 -3.52 -3.675 2.124 -1.730
Mu
aus_yr -0.019 0.003 -7.15 -0.016 0.003 -5.440
nz_yr 0.022 0.002 10.44 0.022 0.002 10.700
ont_yr -0.009 0.002 -3.77 -0.004 0.002 -2.320
_cons 0.361 0.035 10.18 0.312 0.033 9.340
Usigma
_cons -4.778 0.145 -32.85 -4.776 0.134 -35.540
Vsigma
_cons -4.916 0.083 -59.28 -5.064 0.086 -59.220
sigma_u 0.092 0.007 13.75 0.092 0.006 14.880
sigma_v 0.086 0.004 24,12 0.080 0.003 23.390
lambda 1.071 0.009 116.65 1.154 0.009 134.010
LLH 892.69 911.91
Iterations # 752** 784**
N 1098 1098

* The coefficients on the DNSP dummies used as\variables are omitted.
** Stata reports an error in MLE convergence.
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Table4.1.2 Frontier Economicsiodels results (short period)
SFACD SFATLG
Variable Coefficien SE toratio Coefficien SE toratio
Frontier
lyl 0.280 0.068 4.12 0.474 0.053 8.93
ly2 0.190 0.021 8.90 0.225 0.022 10.20
ly3 0.516 0.072 7.14 0.204 0.060 341
ly11 0.540 0.373 1.45
ly12 -0.114 0.074 -1.54
lyl3 -0.384 0.351 -1.09
ly22 0.199 0.027 7.50
ly23 -0.045 0.075 -0.61
ly33 0.243 0.337 0.72
Iz1 -0.101 0.022 -4.62 0.013 0.027 0.50
yr 0.004 0.002 1.59 -0.001 0.002 -0.33
jur2 0.015 0.034 0.43 -0.264 0.045 -5.88
jur3 0.158 0.036 4.42 -0.045 0.037 -1.21
_cons 2.749 4.490 0.61 11.379 3.574 3.18
Mu
aus_yr -0.039 0.004 -11.05 -0.040 0.003 -11.85
nz_yr 0.033 0.003 11.61 0.033 0.002 13.89
ont_yr -0.006 0.003 -2.37 -0.005 0.002 -2.05
_cons 0.318 0.031 10.39 0.229 0.030 7.59
Usigma
_cons -6.917 1.218 -5.68 -6.773 0.679 -9.97
Vsigma
_cons -5.189 0.175 -29.60 -5.270 0.117 -45.02
sigma_u 0.031 0.019 1.64 0.034 0.011 2.95
sigma_v 0.075 0.007 11.41 0.072 0.004 17.09
lambda 0.421 0.025 16.58 0.472 0.015 30.95
LLH 811.92 835.024
Iterations # 512+* 617**
N 732 732

* The coefficients on the DNSP dummies used asvariables are omitted.

** Stata reports an error in MLE convergence.
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Table4.1.3  Frontier Economics modaVerage efficiency scores (long period)

Long Period Short Period
SFACD SFATLG SFACD SFATLG

EVO 0.562 0.515 0.565 0.676
AGD 0.657 0.605 0.710 0.465
CIT 0.954 0.828 0.899 0.946
END 0.749 0.680 0.813 0.610
ENX 0.758 0.730 0.775 0.570
ERG 0.528 0.545 0.672 0.690
ESS 0.577 0.637 0.712 0.874
JEN 0.789 0.770 0.717 0.845
PCR 0.968 . . .

SAP 0.967 0.970 0.980 0.983
AND 0.797 0.824 0.784 0.880
TND 0.863 0.813 0.974 0.981
UED . . . .

Australia 0.764 0.720 0.782 0.774

* These efficiency scores are raw outputs from the model, without applying the lognormal transformation used
by Frontier Economics.

Table4.1.4  Monotonicity violations in Frontier Economics models

Long Period Short Period

Sample Cust. CL RMD Total Cust. CL RMD Total

By DNSP
EVO 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
AGD 0.00 0.00 72.20 72.20 0.00 0.00 100.00 100.00
CIT 0.00 0.00 22.20 22.20 0.00 0.00 0.00 0.00
END 0.00 0.00 5.60 5.60 0.00 0.00 100.00 100.00
ENX 0.00 0.00 0.00 0.00 0.00 0.00 100.00 100.00
ERG 0.00 0.00 0.00 0.00 0.00 0.00 100.00 100.00
ESS 0.00 0.00 0.00 0.00 0.00 0.00 100.00 100.00
JEN 0.00 0.00 0.00 0.00 0.00 0.00 100.00 100.00
PCR 0.00 0.00 0.00 0.00 0.00 0.00 100.00 100.00
SAP 0.00 0.00 0.00 0.00 0.00 0.00 100.00 100.00
AND 0.00 0.00 0.00 0.00 0.00 0.00 100.00 100.00
TND 0.00 0.00 0.00 0.00 0.00 0.00 100.00 100.00
UED 0.00 0.00 0.00 0.00 0.00 0.00 100.00 100.00

By jurisdiction
Australia 0.00 0.00 7.70 7.70 0.00 0.00 84.60 84.60
New Zealand 0.00 36.80 0.00 36.80 0.00 0.00 10.50 10.50
Ontario 0.00 0.00 12.10 12.10 0.00 16.70 9.20 25.90
Full sample 0.00 11.50 7.40 18.90 0.00 7.90 25.70 33.60

42



Quantonomics

QUANTITATIVE ECONOMICS

Benchmarking Opex Model Development

Figure 41.1 Efficiency Trends by DN$#ontier Economics
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We recognisethat Frontier Economics presented itsapproach merely as an example to
demonstrate the potential application of thesfpanebc95approach However, in practice, it
highlighted the challenges associated with implementing this method

The problem of being unable to produce efficiency scores for all the Australian DNSks
sufficient grounds for rejecting FrontielEconomic®d p r e specifidaton However, there
are at least two other major problems with it:

9 For all four models (the CD and TLG models in short and long periods), Stata returned
an error message in relation to MLE convergence, indicating failure to converge
correctly at the specified convergence criteria.

1 The frequency of monotonicity violations (MVs) remains highin the shortperiod
model (see Table 4.1.4)Compared to the JTT modes$ presented inQuantonomics
(2024x1 which can be usedasa benchmark for comparingtime-varying inefficiency
modeldi the Frontier Economics model has much poorer MV performance in the
short period, and in the long sample period it performs better for Australian DNSPs
but worse for the full sample of all DNSPs.

We reiterate thatFrontier Economics presented this model discussed in this section as a basis
for further discussion and not as proposed or preferred specificatiorin the following sections

we test several different approaches to introducing timvarying inefficiency. Section 4.3
discusses the results of testing alternative specifications of the bc95 SFA method

4.2 Colombi et al (2014) Model

This section briefly summarises theesults of theFour Components approach, which we
consider the most theoretically appealingMore detail is available in Attachment B. Recall
that in this method, time varying inefficiency refers to yeato-year variations, but does not
specifically include any trended component to inefficiencyThe explanatory variables
included in this model were the same as those in the standard model, except the jurisdictional
dummy variables were excluded because the Four Componentsdel includes a firmspecific
effect to capture timenvariant unobserved heterogeneity acroggsms. There is a time trend
variable in the model, which may capture various trended effects including technical change.

Overthe long period the coefficients on the main log output variables have the expected signs
and are statistically significanin both the CD and TLG versions of the modelHowever, in

the short period, the coefficient on the log of customer numbers is not statisticaignificant

in either the CD or TLG models.

The model showsa frequencyof monotonicity violation sin the long period for the Australian
DNSPs of 34.2per cent For all DNSPs, 13.0per cent of observations exhibiVs in the long
period. The MV results for Australian DNSPs are intermediate between the standard
LSETLG and SFATLG models, whereas the results over all DNSPs ar@n improvement
(Quantonomics, 2024a: 148)In the short period, theMV issue becomes more severe, with
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98.7 per cent of Australian observations and58 per cent of the total sample affected. These

results indicate that the model is not viable in the short period

The efficiency scores produced hihe Four Componentsmodel are not reliable *° asthey are

extremely high, with no DNSP scoring below 0.9See Table 4.2.1.

Table4.2.1 Four ComponentdverageEfficiency Scores by Australian DNSP

Long Period Short Period

Sample CD Rank TLG Rank CD Rank TLG Rank
EVO 0.927 11 0.929 11 0.997 1 0.997 4
AGD 0.921 13 0.925 13 0.997 3 0.997 1
CIT 0.932 4 0.934 4 0.997 9 0.997 10
END 0.931 8 0.934 5 0.997 8 0.997 5
ENX 0.934 1 0.937 1 0.997 6 0.997 2
ERG 0.931 5 0.934 6 0.997 2 0.997 8
ESS 0.926 12 0.929 12 0.997 4 0.997 9
JEN 0.930 10 0.932 10 0.997 5 0.997 3
PCR 0.933 3 0.934 2 0.997 13 0.997 11
SAP 0.931 7 0.933 9 0.997 12 0.997 12
AND 0.933 2 0.934 3 0.997 7 0.997 6
TND 0.931 6 0.933 7 0.997 10 0.997 13
UED 0.930 9 0.933 8 0.997 11 0.997 7
Australia 0.930 0.932 0.997 0.997

The high efficiency levels may bbecause this model magttribute a substantial portion of the
variation to firm-specific heterogeneity effects rather than inefficiency.This may reflect

i mitati ons i ni arthatofiteestneatiof agorahidi tb sepaskate inefficiency
from other components of the error termin our data sample.This issue seems particularly
pronounced in the shoriperiod sample, where the number of observations may be insufficient
relative to the complexity of the model. The se of a threestep estimation approach, while
simpler from an optimisation perspective, is known to be less statistically efficient than a ene
step method and generally requires larger samples to reliably identify each component of the

error structure.

Overall, the results indicate that the Four Components model is not suitable for application
within the AERGO6s benchmarking framewor k.
did not perform well in practice The Four Components model lacks empirical credibility in

this context and should not be retained for further analysis.

¥ In this model, the overall efficiency score is calculated as the product of persistent inefficiency amashgitory

efficiency scores This is similar to adding together thepersistent inefficiency andransitory inefficiency, before

the transformation:A @ DQ¢ BWQ'Q
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4.3 Battese andCoelli (195) Model

The BatteseCoelli 1995 (c95)method is implemented in Stata usingsfpanel y xlist,
model(bc95) The methodology of this model is detailed in Section 3.1.55ee Attachment B
for further details of the models discussed in this section.

In addition to replicating the Frontier Economics specificationpresented in section 4.1, &
testedeight different variants of the Battes@Coelli model. However, only one(referred to here
asBC95-JTT-HN) successfully produced resultsonsistently for both the CD and TLG forms
in both the long and short sample periods

The models we tested areharacterised bythe mean of the inefficiency termo , in the
distribution of inefficiencies:6 * 0 * h,  being determined byjurisdictional or DNSP-
specifictime trends, with no constant term In the successful model, the trends that affett
are three jurisdictionspecific time trends and the constant term is excludedt is found that
the bc95model is increasingly difficult to estimatesuccessfully in this samplas complexityis
increased(ie, more determinants of the preéruncation mean or allowance for heterogeneity)

Section 4.3.1 brieflydescribes the results for the successBICO95-JTT-HN model. Section
4.3.2 overviews the unsuccessful modelsvhich all involve estimating more parameters than
the successful model.

4.3.1 BC95JTTHN: Jurisdiction time trends as determinants$ of

In this specification, SFACD and SFATLG models were estimated for both the long period

and short period, converging after between 125 and 212 iteratiohkwever, in both SFACD

and SFATLG shortper i od estimati on, t he camdtedmputerart ur n e
improvemerit flat region encountedenhdicating that the optimisation reached an area of the

likelihood surface where further improvement was not possiblés a result, the estimates

produced under these conditions may be unreliable or unstabfe.

The results of estimating the Cobibouglas and Translog versions with the long sample are
presented in Table 4.3.1In both the SFACD and SFATLG long period models, the
coefficients on the primary log output variables have the expected signs and are statistically
significant. These represent the output elasticities, for the TLG model at the sample mean
values of the ouputs.

40 See Section 5.1.1 for a further discussion of this convergence issue
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Table4.31 BC98JTTHNParameter Estimatefong sample period)

CD TLG
Variable Coefficien SE toratio Coefficien SE toratio
Frontier
lyl 0.496 0.036 13.62 0.448 0.038 11.75
ly2 0.113 0.016 7.17 0.103 0.016 6.54
ly3 0.381 0.034 11.18 0.415 0.034 12.07
lyll 0.334 0.289 1.16
lyl2 0.026 0.065 0.40
lyl3 -0.538 0.237 -2.27
ly22 -0.005 0.023 -0.23
ly23 0.016 0.054 0.29
ly33 0.680 0.194 3.51
Iz1 -0.181 0.014 -13.17 -0.178 0.015 -12.25
yr 0.010 0.001 10.09 0.011 0.001 11.05
jur2 0.128 0.034 3.72 0.070 0.040 1.76
jur3 0.394 0.033 11.87 0.298 0.038 7.78
_cons -9.849 1.925 -5.12 -12.368 1.992 -6.21
Mu
aus_yr 0.000 0.000 0.26 0.000 0.000 0.57
nz_yr 0.000 0.000 0.07 0.000 0.000 0.28
ont_yr -0.001 0.000 -2.89 -0.001 0.000 -2.53
Usigma
_cons -1.768 0.239 -7.41 -2.044 0.262 -7.79
Vsigma
_cons -4.521 0.132 -34.15 -4.457 0.135 -32.95
sigma_u 0.413 0.049 8.38 0.360 0.047 7.63
sigma_v 0.14 0.007 1511 0.108 0.007 14.78
lambda 3.960 0.048 82.23 3.342 0.046 72.39
LLH 261.76 318.69
Iterations # 125 164
Pseudo Adj R 0.997 0.997
BIC -432.50 -504.35
N 1,098 1,098

Regarding MVs in the SFATLG longperiod model, 9.8 per cent of all Australian observations
are violations, and 14.8 per cent of all sample observations. One of the Australian DNSPs has
excessive MVs in the long sample. This is a better result than the stard SFATLG and
LSETLG models in the long sample periodwWhich have MVs of 79.5 per cent and 22.2 per
cent respectively for Australian DNSPs, and 45.4 per cent and 21.9. per cent respectively for
all observationg. Although it is an improvement, it does no entirely solve the problem of
excessive MVs.

Figure 4.3.1 presents the averagef the BC95JTT-HN SFACD and SFATLG efficiency
scores for each Australian DNSP in the long perioaind compares them to the efficiency scores
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from the standard models and the comparative Opex PFPhe efficiency scores and rankings
of the BC95-JTT-HN modelsare broadly aligned with those from the standard models.

Figure 4.3.1 AverageEfficiency Scores by DNSP (22023)
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The correlation coefficients between the efficiency scores for Australian DNSPs from the long
period SFACD and SFATLG models and themultilateral Opex PFP indexesare: 0840 for
SFACD and 0.876 for SFATLG. This is better thanthe Standard models (in which each
DNSP&6s efficiency is constant), for which
and 0.734for SFATLG.

Figure 4.3.2 illustrate the trends in efficiency scores over time for each modsdte that, unlike
the other time trend models presented in the following sections, the BC95 model allows
efficiency to vary flexibly over time meaning it can increase in some years and decrease in
others for the same DNSPA general pattern of increasing efficiency over time is observed for
most DNSPs, particularly from around 2015 onwardswhich is aligned with the findings from
the Opex multilateral partial factor productivity (M PFP) indexes analysis in ABR24.
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Figure 4.2 BC95JTTHNEfficiency Trends by DNSP
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4.3.2 Unsuccessful BC95 variants
The sevenBC95 specifications that were tested but found to be unsuccessful are as follows:

1 BC95JTT-HN-GTC: This model includes jurisdictional time trends as determinants of
inefficiency (via“ ) and uses the General Technical Change Index (ie, dummy variables
for a set of periods)lt failed to produce efficiency scores for the Australian DNSPs in
the long sample period, although it was able to do so in the short sample peribdthe
long-period SFACD model, no standard errors were produced for any estimated
coefficients, indicating computationalissues The long-period SFATLG specification
also performed poorly producing a negative and statistically significant coefficient for
output circuit length (CL), failing to generatemeaningful standard errorsfor any
coefficients, and producing excesive monotonicity violations (100% for Australian
DNSPs). These issues were not present in the shpdriod results, where the model
performed reasonably well standard errors were available, monotonicity violations
were low, and efficiency scoresvere reasonable

1 BC95AJTT-HN: This model generalisesthe BC95JTT-HN model by including, as
determinants of' , DNSP-specific time trends for Australian businesses addition to
jurisdictional trends for New Zealand and Ontario Technical change is reflected by a
standard time trend.This model failed to produce efficiency scores for the Australian
DNSPs in the long sample period. n both SFACD and SFATLG long-period
specifications, no standard errors were produced, pointing again to computational
issues. In the shorperiod models, although estimation was partially successful, some
standard errors were still missing and not all DNSPs received efficiency scores.

1 BC95AJTT-HN-GTC: This model is similar to BC95AJTT-HN but replaces the
standard time trend with general technical change variables. It failed to estimate
efficiency scores for the Australian DNSPs in both the long and short sample periods.
In both the CD and TLG models in long and shortperiods, standard errors were either
missing for all or some coefficients.

This sequence of results shows that the BC95 model becomes more difficult to estimate as the
models become more complex, and with the ABR data, estimation was only feasible in the
simplest of the model specifications tested.

We also tested variants of these models which allowed for the variance of id®syncratic
error termto be a function of a measure of scale. The scales variables were a weighted average
of the mean values, for each DNSP, of each log output. The weights were given by the
estimated coefficients of the ordinary least squares CD model also used in produateyting
values for the SFACD model. This line of inquiry was not promising since this scale variable
wastypically not a statistically significant explanator of the squared residuals of tBE95JTT-

HN models.
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4.4 Kumbhakar (1990) Model

This section presents the empirical results from tHeumbhakar 1990 Kumb90Q method, as
generalised in thesfpangbrogram. The method is briefly described in secti@®.2.2 and 2.2.5

As presented inthose sectionsin this approach inefficiency 6 his defined such that it has a
crosssectional one-sided randomelement and a deterministic element which can bdime

varying:

6 Qr D x EAGHA O mh, (4.4.1)

Here "Q» is a scaling function, ando is the onesided random crosssectional inefficiency
term, which has a halnormal distribution. Although in Kumbhakar (1990) has a specific
function for "Q » quadratic in the time trend, thesfpaneimplementation is a generalisation of
this approach with:

Qo p ADD 4 (4.4.2)

where »- ig a vector of exogenous variables. Note that in this model, the constant térnonly
affects the scaling of the inefficiency term and does not affect the truncation point of the
random inefficiency term, which remains at zerdie, it is half-normal). It does not give rise to
the same partial identification issue as with the bc95 modbékcause he inclusion of the
constant term] in (4.4.2) does not mean that we are departing from the hathormal
assumption.

Four models are presented herefocussingmainly on the long sample period resultsShort-
period results are available in Attachment B.

4.4.1 Kumb9QJTTHN: Jurisdiction Time Trends

This specification incorporates jurisdictionspecific time trendsas determinants of the
inefficiency term. All models were estimated with convergence achievbdtween100and 225
iterations. However,in short periode st i mat i o n, cahnoteompeesas imgr@aement
i flat region encountadeslas returned indicating the optimisation reached an area of the
likelihood surface where further improvement was not possiblés a result, the estimates
produced under these conditions may be unreliable or unbte.

The results of estimating the CobiDouglas and Translog versions with the long sample are
presented in Table 4.4.1The coefficients on the primary log output variables have the
expected signs and are statistically significaithe undergrounding share variable is negative
although not statistically significant in the SFATLG model.

Regarding MVs in the longperiod model, there are no MVs in the whole sample. This result
indicates that the Kumb9@JTT-HN model performs better than the standard LSETLG and
SFATLG specifications in the long period in terms of reducing monotonicity violatins.
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Table4.41 Kumbh9QJTTHN Parameter Estimates

SFACD Long Period SFATLG Long Period
Variable Coefficien SE toratio Coefficien SE toratio
Frontier
lyl 0.469 0.065 7.25 0.487 0.066 7.38
ly2 0.213 0.029 7.39 0.223 0.033 6.84
ly3 0.292 0.057 5.12 0.276 0.060 4.60
lyll 0.593 0.371 1.60
ly12 -0.197 0.081 -2.43
ly13 -0.421 0.322 -1.31
ly22 0.121 0.037 3.22
ly23 0.093 0.067 1.38
ly33 0.313 0.291 1.07
Iz1 -0.063 0.028 -2.21 -0.017 0.032 -0.55
yr 0.021 0.001 16.11 0.020 0.001 13.92
jur2 0.074 0.071 1.04 0.064 0.060 1.06
jur3 0.234 0.055 4.28 0.217 0.054 3.99
_cons -31.699 2.598 -12.20 -29.814 2.867 -10.40
Bt
t aus 0.454 0.048 9.40 0.473 0.049 9.73
t nz -0.071 0.040 -1.78 -0.066 0.040 -1.67
t ont 0.383 0.041 9.33 0.366 0.041 9.01
_cons -2.262 0.212 -10.66 -2.277 0.215 -10.60
/sigmau_2 0.194 0.040 4.84 0.201 0.043 4.66
/sigmav_2 0.011 0.000 22.65 0.011 0.000 22.58
sigma_u 0.440 0.045 9.68 0.449 0.048 9.32
sigma_v 0.104 0.002 45.31 0.103 0.002 45.16
lambda 4,222 0.045 93.04 4.345 0.048 90.46
LLH 800.56 808.47
Iterations # 100 183
Pseudo Adj R 0.994 0.994
BIC -1503.1 -1478.69
N 1098 1098

Figure 4.4.1presents the averagef the Kumb90-JTT-HN SFACD and SFATLG efficiency
scores for each Australian DNSP in the long perioaind compares them to the efficiency scores
from the standard models and the comparative Opex PFPhe efficiency scores and rankings
of the Kumb90-JTT-HN modelsare broadly aligned with those from the standard models.
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Figure 4.4.1 AverageEfficiency Scores by DNSP (22023)
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Figure 4.4.2 illustrates the trends in efficiency scores over time for all mod&i3he functional

form for the scaling function is quite flexible. It is bounded by (0,1) and can be monotonically
increasing, decreasing, concave or convex depending on the values of the parameters.
consistent pattern emerges: most DNSPs show a gradual but steady increase in efficiency over
time. The upward trend is particularly evident from around 2014 onwards, with all DNSPs
converging toward higher efficiency scores by the end of the sample peribdthis case, the
strong upward trends in efficiency scores in the latt half of the period indicates that most
DNSPs have substantially improved their efficiency since the introduction of opex
benchmarking.

This specification imposes the restriction that the inefficiencies of Australian DNSPs differ in
size but follow the same time patteri? This means that the timepattern is an average for all
Australian DNSPs. This presents a drawback in the specification, as the estimated trend does
not reflect the diversity of time patterns observed across individual Australian DNSPs, and
the model does ot appear to capture performance deteriorations.

The efficiency scores for Australian DNSPs from the longeriod SFACD and SFATLG
models show strong correlations with thenultilateral Opex PFP measures, at 0.722 and 0.721,

“IUnlike the efficiency trends observed in the BC95 model, the efficiency scores in the Kumb models are smoother
and do not exhibit the yea#to-year variation seen in the BC95 results. This is because the Kumb models do not
include the random component thats present in the BC95 specification.

“2The small kinks in some curves relate to the switch from calendar to financial years for some DNSPs.
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respectively. These correlations are higher than those observed in the standard SFACD models
(0.686) and comparable to the standard SFATLG model (0.734).

Figure 4.4.2 Kumb9GJTTHNEfficiency Trends by DNSP
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4.4.2 Kumb9GJTTHNGTCJurisdictionlime Trends& General Technic@lhange

This specification is different from the previous Kumb90 specification by including the GTC
variables to measure technical changBoth the SFACD and SFATLG models were estimated
with convergence achieved after 57 t834 iterations in the long sample In the short sample,
the SFACD and SFATLG modelsboth convergel successfully The results of estimating the
Cobb-Douglas and Translog versions with the long sample are presented in Table 4.4.2.

Table4.4.2 Kumbh90JTTHN-GTC Parameter Estimates

SFACDLong Period SFATLG Long Period
Variable Coefficien SE toratio Coefficien SE toratio
Frontier
lyl 0.461 0.066 6.98 0.503 0.073 6.91
ly2 0.225 0.029 7.86 0.222 0.034 6.52
ly3 0.287 0.059 4.84 0.262 0.064 4.07
lyll 0.555 0.405 1.37
ly12 -0.224 0.095 -2.35
ly13 -0.351 0.339 -1.03
ly22 0.135 0.044 3.03
ly23 0.112 0.071 1.58
ly33 0.214 0.303 0.71
Iz1 -0.038 0.029 -1.28 0.009 0.032 0.27
gtc2 0.042 0.012 3.62 0.039 0.012 3.37
gtc3 0.112 0.013 8.72 0.107 0.013 8.13
gtc4 0.164 0.015 11.00 0.155 0.016 9.94
gtcs 0.230 0.017 13.40 0.217 0.018 11.96
gtcé 0.266 0.020 13.06 0.249 0.021 11.73
jur2 0.018 0.069 0.26 0.037 0.054 0.69
jur3 0.200 0.052 3.88 0.192 0.051 3.74
_cons 9.683 0.071 136.22 9.719 0.064 152.01
Bt
t aus 0.443 0.056 7.95 0.458 0.054 8.43
t nz -0.101 0.037 -2.76 -0.094 0.035 -2.67
t ont 0.343 0.051 6.73 0.322 0.048 6.74
_cons -2.133 0.267 -8.00 -2.146 0.262 -8.19
/ sigmau_2 0.184 0.038 4.88 0.199 0.043 4.65
/sigmav_2 0.011 0.000 22.67 0.011 0.000 22.57
sigma_u 0.429 0.044 9.76 0.446 0.048 9.30
sigma_v 0.106 0.002 45.35 0.105 0.002 45.14
lambda 4.046 0.044 92.08 4.255 0.048 88.88
LLH 783.65 793.03
Iterations # 57 334
Pseudo Adj R 0.994 0.994
BIC -1441.29 -1418.03
N 1098 1098
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The SFACD and SFATLG models for the long period produce output coefficients with the
expected positive signs, and most are statistically significaitie coefficient on the log share
of underground cables has the expected negative sign only in the SFACD model but is not
statistically significant. It has a small positive and statistically insignificant value in the
SFATLG model, which goes against expeettions and suggests a possible issue with this
specification.

Regarding MVs n the longperiod model, none were observed across the full sampl€his
result indicates that the Kumb90-JTT-HN-GTC model performs better than the standard
SFATLG specification in the long sample periodoy eliminating all monotonicity violations.

Figure 4.4.3 presents the average of theumb90-JTT-HN-GTC SFACD and SFATLG
efficiency scores for each Australian DNSP in the long period and compares them to the
efficiency scores from the standard models and the comparative Opex PHPe efficiency
scores and rankings of thKkumb90-JTT-HN -GTC models are broadly aligned with those from
the standard models.

Figure 4.4.3 AverageEfficiency Scores by DNSP (22023)
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Figure 44.4 shows the efficiency score trends over time by DNSP for the Kumb9UT-HN -
GTC specification. The efficiency scores for Australian DNSPs from the lorgeriod SFACD
and SFATLG models show strong correlations with thenultilateral Opex PFP measures, at
0.732 and 0.727, respectively. These correlations are higher than those observed in the
standard SFACD models (0.686) and comparable to the standard SFATLG model (0.734).
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Figure 4.4.4 Kumb9GJTTHN-GTCEfficiency Trends by DNSP
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4.4.3 Kumb9GAJTTHN Australian DNSP Specifid@isdictionlime Trends

This model differs from the one presented in Section441 by replacing the jurisdictionrspecific
time trends with individual time trends for each Australian DNSP, along with time trends for
New Zealand and Ontaria Both the SFACD and SFATLG models were estimated for the
long and short periods, with convergence achievdgetween172 and220 in the long period.

In the short sample the SFATLG model converged afteB41 iterations, but the SFACD
encountered a flat regionThe results of estimating th&kumb90-AJTT -HN models with the
long sample are presented in Table43. The SFACD and SFATLG models for the long
period produce output coefficients with the expected positive signs, and are statistically
significant. The coefficient on the log share of underground cables has the expected negative
signbut it is not statistically significant at 5 per cent in the SFATLG.

Regarding MVs n the longperiod model, &n Australian DNSPs exhibit monotonicity
violations in more than 50 per cent of observations. Overah5.1 per cent of the Australian
sample and27.0 per cent of the total sample are affected@hese results do not support the
usefulness of this specification. However, the Kumb®JTT dHN model still performs better
than the standard SFATLG specifications in terms of reducing monotonicity violations.

The efficiency scoredrom the long sampleSFACD specification under this model emain
aligned to esablished resultshoweverthe SFATLG version divergesmore significantly.

Table4.43 Kumb9GAJTIHN Parameter Estimates

SFACD Long Period SFATLG Long Period

Variable Coefficien SE toratio Coefficien SE toratio
Frontier

lyl 0.582 0.073 7.95 0.616 0.077 7.99
ly2 0.154 0.033 4.63 0.221 0.033 6.76
ly3 0.256 0.063 4.10 0.172 0.072 2.39
lyll 1.000 0.466 2.15
ly12 -0.376 0.109 -3.46
ly13 -0.539 0.374 -1.44
ly22 0.246 0.046 5.33
ly23 0.163 0.084 1.93
ly33 0.275 0.313 0.88
1z1 -0.066 0.031 -2.16 -0.012 0.032 -0.38
yr 0.019 0.001 14.70 0.018 0.001 13.99
jur2 0.206 0.065 3.15 0.176 0.063 2.81
jur3 0.298 0.055 5.39 0.417 0.080 5.18
_cons -29.497 2.689 -10.97 -27.384 2.640 -10.37
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Table4.4.3 (cont.)
SFACD Long Period SFATLG Long Period

Variable Coefficien SE toratio Coefficien SE toratio
Bt

t dnspl 0.355 0.043 8.32 0.336 0.041 8.23
t _dnsp2 0.611 0.072 8.52 0.626 0.076 8.21
t dnsp3 0.475 0.116 4.09 0.397 0.087 4.58
t dnsp4 0.509 0.083 6.17 0.488 0.068 7.22
t dnsp5 0.395 0.074 5.32 0.441 0.081 5.46
t dnsp6 0.320 0.044 7.26 0.496 0.078 6.38
t dnsp7 0.392 0.060 6.57 2.365 0.802 2.95
t dnsp8 0.395 0.064 6.20 0.458 0.067 6.87
t dnsp9 0.698 0.305 2.29 1.187 0.678 1.75
t dnspl0 -0.303 0.181 -1.67 -0.669 0.336 -1.99
t dnspll 0.327 0.074 4.44 0.418 0.084 4,95
t dnsp12 0.291 0.078 3.75 0.271 0.068 3.97
t dnspl3 1.009 0.265 3.81 0.989 0.212 4.68
t nz -0.110 0.039 -2.80 -0.090 0.038 -2.37
t ont 0.384 0.040 9.54 0.383 0.045 8.56
_cons -2.346 0.207 -11.32 -2.570 0.219 -11.74
/sigmau_2 0.215 0.045 4.79 0.250 0.060 418
/ sigmav_2 0.010 0.000 22.61 0.010 0.000 22.29
sigma_u 0.463 0.048 9.58 0.500 0.060 8.37
sigma_v 0.101 0.002 45.22 0.099 0.002 44.58
lambda 4573 0.048 94.70 5.030 0.060 84.51
LLH 82595 840.18

Iterations # 172 220

Pseudo Adj R 0.994 0.994

BIC -1469.86 -1456.32

N 1098 1098

Figure 4.45 shows the efficiency score trends over time by DNSP for the Kumb2QTT-HN

specification. The efficiency scores for Australian DNSPs from the loqgeriod SFACD and
SFATLG models show strong correlations with thenultilateral Opex PFP measures, at @38
and 0.733, respectively. These correlations arsimilar to those observed in the standard
SFACD and SFATLG models (0.686and 0.734respectively.
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Figure 4.4.5 Kumb9GAJTTHNEfficiency Trends by DNSP
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4.4.4 Kumb9GAJTTHNGTC: Australian DNSP SpecifidugisdictionTime Trends &
General Technic&hange

This model differs from the one presented in Section43 by including the GTC variables to
measure technical changd3oth the SFACD and SFATLG models were estimated for the long
and short periods, with convergence achieveoetween59 and 342iterations, although the
SFATLG in the short period could not compute an improvement during estimation as it
encountered a flat region in the likelihood surfaceThe results of estimating theumb90-
AJTT-HN -GTC models with the long sample are presented in Table 4.4.4.

The SFACD and SFATLG models for the long period produce output coefficients with the
expected positive signs and are statistically significanthe coefficient on the log share of
underground cables has the expected negative slgut it is not statistically significant in the
SFACD, but it is positive although not statistically significant in the SFATLG, suggesting a
possible issue with this specification.

Regarding MVs n the longperiod model, &n Australian DNSPs exhibit monotonicity
violations in more than 50 per cent of observations. Overab4.7 per cent of the Australian
sample and29.8 per cent of the total sample are affecte@hese results do not support the
usefulness of this specification. However, the Kumb9AJTT-HN -GTC model still performs
better than the standard SFATLG specifications in terms of reducing monotonicity violations.

The efficiency scoredrom the long sampleSFACD specification under this model emain
aligned to esablished resultshoweverthe SFATLG version divergesmore considerably

Figure 4.46 shows the efficiency score trends over time by DNSP for the Kumb2QTT -HN
specification. Unlike the Kumb90-JTT specification, the Kumb90GAJTT specification allows
profile shapes to vary across DNSP3.he efficiency scores for Australian DNSPs from the
long-period SFACD and SFATLG models show strong correlations with the OPFP measures,
at 0.683 and 0.727, respectively. These correlatiorsre similar to those observed in the
standard SFACD modelsand SFATLG models (0.686and 0.734respectively.
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Table4.4.4 Kumb9GAJTIHN-GTC(Parameter Estimates

SFACD Long Period

SFATLG Long Period

Variable Coefficien SE toratio Coefficien SE toratio
Frontier

lyl 0.584 0.078 7.47 0.608 0.076 7.99
ly2 0.166 0.033 4.95 0.230 0.033 6.97
ly3 0.242 0.067 3.61 0.165 0.073 2.25
lyll 0.962 0.481 2.00
ly12 -0.395 0.109 -3.62
ly13 -0.462 0.388 -1.19
ly22 0.257 0.046 5.62
ly23 0.173 0.086 2.01
ly33 0.180 0.325 0.55
Iz1 -0.031 0.032 -0.97 0.024 0.032 0.75
gtc2 0.038 0.011 3.29 0.038 0.011 3.36
gtc3 0.104 0.013 7.97 0.102 0.013 8.06
gtcd 0.153 0.015 9.93 0.150 0.015 9.93
gtch 0.214 0.018 12.13 0.206 0.018 11.72
gtcé 0.247 0.021 12.02 0.232 0.021 10.98
jur2 0.146 0.064 2.29 0.152 0.057 2.68
jur3 0.261 0.057 4.59 0.400 0.078 5.15
_cons 9.605 0.083 115.60 9.487 0.079 119.45
Bt

t dnspl 0.344 0.050 6.91 0.305 0.046 6.59
t dnsp2 0.611 0.081 7.57 0.624 0.086 7.23
t dnsp3 0.485 0.142 3.41 0.366 0.098 3.75
t dnsp4 0.522 0.098 5.35 0.480 0.077 6.24
t dnsp5 0.392 0.088 4.44 0.449 0.103 4.37
t _dnsp6 0.294 0.047 6.21 0.458 0.083 5.49
t dnsp7 0.362 0.060 6.05 2.377 0.909 2.61
t dnsp8 0.383 0.072 5.34 0.425 0.072 5.89
t_dnsp9 0.670  0.299 2.24 1.151  0.650 1.77
t dnspl0 -0.389 0.202 -1.93 24.896 351.596 0.07
t dnspll 0.309 0.081 3.82 0.385 0.090 4.28
t dnspl2 0.257 0.083 3.10 0.221 0.071 3.11
t_dnspl3 1.016 0.290 3.51 0.979 0.229 4.27
t nz -0.132 0.038 -3.51 -0.104 0.033 -3.11
t ont 0.339 0.049 6.90 0.335 0.048 7.02
_cons -2.221 0.262 -8.47 -2.335 0.260 -8.99
[sigmau_2 0.213 0.045 473 0.235 0.054 4.39
/sigmav_2 0.011 0.000 22.58 0.010 0.000 22.45
sigma_u 0.461 0.049 9.45 0.485 0.055 8.79
sigma_v 0.103 0.002 45.16 0.101 0.002 44.90
lambda 4.479 0.049 91.99 4.790 0.055 87.09
LLH 809.89 823.88

Iterations # 80 342

Pseudo Adj R 0.994 0.994

BIC -1409.73 -1395.72

N 1098 1098
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Figure 4.4.6 Kumb9GAJTTHN-GTCEfficiency Trends by DNSP
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4.5 LSE Time Varying Models

The standardLSE time invariant opex cost function has the specification:
O | en 0 rQ o - (4.5.1)

wherei refers to firmi; & is the log opex cost of firmi in period t; e is the vectorof the values
of the explanatory variables for firmi in period t;*® the parameter/ represents theoefficient
for the time trend variable, capturing the rate of technical change, trends in omitted OEFs and
changes in efficiency over time, an@ represent firmspecific dummy variables for each of
the 13 Australian DNSPs* and- is a white noise disturbance.

The technical efficiency measures are based on tbgtimates of parameters. The technical
efficiency of firm k is obtained using the formula:

— AQOPEM BH I (4.5.2)

The time varying LSE opex cost functionextends Equation4.5.1 to allow for time-varying
inefficiency by introducing interaction terms between the time trend variable and the firm
specific dummy variables. In the linear casehis can be formulated as

O | ea *0 Qr 6 [ Qo - (4.5.3)

where the terms additional to equation (4.5.1) are timteend effects specific to each Australian
DNSP. For DNSP k thisis:] 'Q 0, where'Q is the firm-specific dummy variable for DNSP
k, and/ is a parameter to be estimated. Note that although f&® p, there is no DNSR
specific fixed effect, there is a time trend for DNSP 1.

It is feasible to have both the timdrend variable ) and the timeinteractions with the
inefficiency effects'Q 0) because the 13 Australian DNSPs are a subset of the total sample of
DNSPs. DNSPs. In this case, thecost efficiency of firm k in period t is obtained using the
formula:

— AQPE}T ot | dBHR ro 1 [ 0o (4.5.4)

More specifically, by incorporating DNSRspecific time trends for each Australian DNSP, the
estimated value of represents the average time treridr the 2 remaining jurisdictions (New
Zealand and Ontario).This model allows for a specific time trend for each Australian DNSP,
rather than for Australian DNSPs to be grouped together as a wholdowever, the model

* The explanatory variables include the log of output variabl&scustomer numbers, circuit length, and RMD

the log of the share of underground cables, which is a proxy for operational environmental factors (OEF), and
jurisdictional dummy variables for the Nev Zealand and Ontario DNSPs.

“DNSP 1 has been arbitrarily chosen as the base firm so that 1t The choice of base has no effect because the
inefficiency score is calculated relative to the minimurh .
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does not decompose each Australian DNSPOs
technical change and efficiency changd.0 make such a decomposition would require the
assumption that the time trend for Ontario and New Zealand , is the rate of technical change
applicable to AustralianDNSPs

In this section, we present empirical results for four alternative specifications for the standard
LSE model using timevarying approachesThese models do not have the convergence issues
sometimes accompanying thereviously considered models.

4.5.1 LSEADTT.LSE timevarying inefficiency through interactiaf Australian DNSP
specificfixed effects and the time trend variable

This specificationallows for time-varying inefficiency through interaction terms between the
time trend variable and Australian DNSPspecific dummy variables.This specification is
discussed in Quantonomicg2023) Technical change is proxied by a general time trend
variable applying to all DNSPs (including Ontario and New Zealand).

The results of estimating the Cobidouglas and Translog versions with the long sample are
presented in Table 4.1. The coefficients on the primary log output variables have the
expected signs and are statistically significaithe undergrounding share variable is negative
and statistically significant Regarding MVs n the longperiod model, one Australian DNSP
exhibits monotonicity violations in more than 50 per cent of observations. Overall, 1.1 per
cent of the Australian sample andl8.7 per cent of the total sample are affected.he LSE-
ADTT model performs better than the standartSETLG specifications in terms of reducing
monotonicity violations.

5 See footnote 47 for a qualificatiorto this statement, in section 6.2: decomposing productivity changes.
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Table4.5.1 LSEADTTParameter Estimates
LSECD - LongPeriod LSETLG- LongPeriod

Variable Coefficien SE toratio Coefficien SE toratio
lyl 0.544 0.074 7.32 0.380 0.078 4.85
ly2 0.227 0.034 6.59 0.230 0.034 6.84
ly3 0.194 0.064 3.03 0.345 0.066 5.20
ly11 -0.243 0.527 -0.46
ly12 0.295 0.123 2.41
ly13 -0.103 0.419 -0.25
ly22 -0.045 0.043 -1.04
ly23 -0.227 0.101 -2.25
ly33 0.388 0.335 1.16
1z1 -0.091 0.025 -3.56 -0.102 0.028 -3.62
yr 0.013 0.002 7.72 0.015 0.002 8.98
jur2 -48.711 32.863 -1.48 -55.968 32.252 -1.74
jur3 -48.479 32.864 -1.48 -55.798 32.253 -1.73
d2 36.923 46.606 0.79 30.354 45.203 0.67
d3 -38.963 37.320 -1.04 -43.465 36.702 -1.18
d4 -1.625 38.707 -0.04 -7.814 38.080 -0.21
d5 -32.882 35.771 -0.92 -36.390 34.886 -1.04
deé 4,873 39.458 0.12 5.434 38.705 0.14
a7 -12.406 42.188 -0.29 -15.756 41.415 -0.38
ds -22.482 40.630 -0.55 -30.175 39.969 -0.75
do -33.363 37.184 -0.90 -37.392 36.503 -1.02
dio -70.505 38.678 -1.82 -72.892 37.832 -1.93
dil -51.399 37.115 -1.38 -56.650 36.444 -1.55
diz -32.053 42.519 -0.75 -35.532 41.506 -0.86
di3 -9.403 38.906 -0.24 -12.922 38.081 -0.34
dtl -0.024 0.016 -1.47 -0.028 0.016 -1.72
dt2 -0.042 0.017 -2.56 -0.043 0.016 -2.69
dt3 -0.005 0.009 -0.53 -0.006 0.009 -0.69
dt4 -0.023 0.010 -2.25 -0.024 0.010 -2.32
dts -0.008 0.007 -1.06 -0.010 0.007 -1.39
dté -0.027 0.011 -2.39 -0.030 0.011 -2.79
dt7 -0.018 0.013 -1.35 -0.020 0.013 -1.52
dt8 -0.013 0.012 -1.08 -0.013 0.012 -1.07
dt9 -0.008 0.009 -0.87 -0.009 0.009 -1.07
dt10 0.011 0.010 1.03 0.008 0.010 0.82
dt11 0.001 0.009 0.14 0.000 0.009 0.03
dt12 -0.008 0.014 -0.61 -0.010 0.013 -0.77
dt13 -0.020 0.011 -1.85 -0.021 0.010 -2.08
_cons 32.937 32.689 1.01 35.857 32.076 1.12
rho 0.766 0.753

R2 0.992 0.992

Adj. Pseudo®R 0.980 0.982

N 1,098 1,098
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Figure 45.1 presents the averagef the LSE-ADTT LSECD and LSETLG efficiency scores
for each Australian DNSP in the long periocand compares them to the efficiency scores from
the standard models and the comparative Opex PEFhe efficiency scores and rankings of
the LSE-ADTT models are broadly aligned with those from the standard modelsThe
efficiency scores for Australian DNSPs from the longeriod LSECD and LSETLG models
show strong correlations with themultilateral Opex PFP measures, at 060 and 0821,
respectively. These correlations are higher than those observed in the stand&88CD and
SFATLG models (0741and 0.8 regectively).

Figure 4.5.1 AverageEfficiency Scores by DNSP (22023)
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Figure 45.2 illustrates the trends in efficiency scores over time fdooth the LSECD and
LSETLG long-samplemodels These figures show that the LSBADTT models benefit from
having separate time trends for each DNSP. These trends are not all the same, a restriction
imposed by some of the previously considered models. The apparent nonlinearities in the
efficiency trendsof individual Australian DNSPs arise because efficiency is measdreelative

to the best performer in each year.
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Figure 6.2 LSEADTIEfficiency Trends by DNSP
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45.2 LSEADTEGTC LSE timevarying inefficiency through interactio& General
TechnicalChange

This specificationdiffers from the specification in section 4.5.1 by including the GTC terms.
The results of estimating the Cobibouglas and Translog versions with the long sample are

presented in Table 4.5.2.
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Table4.52 LSEADTIGTCParameter Estimates

LSECD - LongPeriod

LSETLG- LongPeriod

Variable Coefficien SE toratio Coefficien SE tdratio
lyl 0.575 0.068 8.48 0.432 0.071 6.05
ly2 0.223 0.030 7.33 0.225 0.030 7.44
ly3 0.170 0.059 2.86 0.300 0.060 497
ly11 -0.058 0.518 -0.11
ly12 0.202 0.117 1.73
ly13 -0.204 0.412 -0.49
ly22 -0.008 0.039 -0.20
ly23 -0.171 0.098 -1.75
ly33 0.441 0.326 1.35
Iz1 -0.092 0.022 -4.14 -0.093 0.025 -3.70
gtc2 0.034 0.013 2.65 0.037 0.013 2.95
gtc3 0.104 0.016 6.43 0.112 0.016 6.94
gtc4 0.129 0.018 7.08 0.141 0.018 7.80
gtcs 0.146 0.020 7.39 0.163 0.020 8.26
gtcé 0.121 0.021 571 0.142 0.021 6.70
jur2 -0.413 0.094 -4.38 -0.465 0.094 -4.93
jur3 -0.175 0.092 -1.89 -0.280 0.092 -3.03
d2 -0.128 0.129 -0.99 -0.168 0.141 -1.19
d3 -0.430 0.102 -4.20 -0.447 0.104 -4.31
d4 -0.285 0.107 -2.66 -0.358 0.110 -3.25
d5 -0.322 0.100 -3.22 -0.369 0.110 -3.36
dé -0.104 0.116 -0.90 -0.217 0.137 -1.59
d7 -0.288 0.125 -2.31 -0.438 0.146 -3.01
ds -0.358 0.112 -3.19 -0.265 0.124 -2.14
do -0.689 0.105 -6.57 -0.762 0.111 -6.88
dio -0.655 0.110 -5.93 -0.743 0.117 -6.33
dil -0.524 0.106 -4.94 -0.548 0.115 -4.76
di2 -0.526 0.119 -4.41 -0.555 0.120 -4.64
di3 -0.608 0.113 -5.37 -0.525 0.128 -4.10
dtl -0.020 0.014 -1.41 -0.022 0.014 -1.60
dt2 -0.038 0.014 -2.76 -0.038 0.014 -2.80
dt3 -0.001 0.007 -0.17 -0.002 0.007 -0.26
dt4 -0.020 0.009 -2.19 -0.019 0.009 -2.15
dts -0.004 0.006 -0.69 -0.005 0.006 -0.88
dte -0.022 0.009 -2.48 -0.024 0.009 -2.70
dt7 -0.015 0.011 -1.34 -0.016 0.011 -1.42
dt8 -0.008 0.010 -0.87 -0.008 0.010 -0.82
dt9 -0.004 0.007 -0.53 -0.005 0.007 -0.66
dt10o 0.015 0.009 1.64 0.013 0.009 1.50
dti1 0.005 0.007 0.67 0.005 0.008 0.59
dt12 -0.004 0.012 -0.32 -0.005 0.012 -0.40
dt13 -0.015 0.009 -1.63 -0.017 0.009 -1.75
_cons 10.341 0.094 110.27 10.339 0.094 110.33
rho 0.699 0.693

R2 0.991 0.992

Adj. Pseudo®R 0.980 0.983

N 1,098 1,098
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The coefficients on the primary log output variables have the expected signs and are
statistically significant. The undergrounding share variable is negative and statistically
significantin both models Regarding MVs n the long-period model,overall, zero per cent of
the Australian sample andl6.7 per cent of the total sample are affecte@he LSE-ADTT -GTC
model performs better than the standard.SETLG specifications in terms of reducing
monotonicity violations.

Figure 4.53 presents the averagef the LSE-ADTT -GTC Cobb-Douglas and Translog
efficiency scores for each Australian DNSP in the long periodnd compares them to the
averageefficiency scores from the standardSE models and the comparative Opex PEPThe
efficiency scores and rankings of theSE-ADTT -GTC modelsare broadly aligned with those
from the standard models.

Figure 4.8 AverageEfficiency Scores by DNSP (220&3)
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The efficiency scores for Australian DNSPs from the longeriod LSECD and LSETLG
models show strong correlations with the OPFP measures, at 0.763 and 0.818, respectively.
These correlations are higher than those observed in the standard LSECD models (0. ahtl
comparable to the standard LSETLG model (0.798).

Figure 45.4 illustrates the trends in efficiency scores over time fahe LSECD and LSETLG
models
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Figure 4.51 LSEADTIGTCEfficiency Trends by DNSP

DNSP

EVO
AGD
CIT
END
ENX
ERG
ESS
JEN
PCR
SAP
AND
TND
UED

Efficiency Score

2006
2007 1
2008
2009
2010
2011+
2012
2013
2014
2015
2016
2017 1
2018
2019
2020 1
2021
2022
2023 1

Year

LSECD Long Period

L it iieiet et
o R e B o DNSP

EVO
AGD
CIT
END
ENX
ERG
ESS
JEN
PCR
SAP
AND
TND
UED

Efficiency Score

2006
2007 1
2008
2009
2010
2011+
2012
2013 1
2014 1
2015
2016
2017 1
2018
2019
2020 1
2021
2022
2023 1

Year

LSETLG Long Period

4.5.3 LSEAJTT LSE timevarying inefficiency through interactid Jurisdictional Time
Trend Variable

This specificationdiffers from the specification in section 4.5.1 by including jurisdictional
time trend variable for NZ DNSPs. This allows the average rate of change of opex PFP to
differ between Ontario and NZ. The general time trend variable now represents the average
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rate of change of opex PFP for Ontariolf we wish to decompose the productivity changes of
Australian DNSPs into technical change and efficiency change, theve can assume that tle
general (ie, Ontario) time trendepresents the underlying rate of technical change.

The results of estimating the Cobidouglas and Translog versions with the long sample are
presented in Table 4.8. The coefficients on the primary log output variables have the
expected signs and are statistically significarthe undergrounding share variable is negative
and statistically significant in both models.

Regarding MVs n the longperiod Translogmodel, 8.1 per cent of the Australian sample and
19.9 per cent of the total sample are affectedhe LSE-AJTT model performs better than the
standard LSETLG specifications in terms of reducing monotonicity violations.It also
performs better than the LSEADTT model in terms of the frequency of MVs for Australian
DNSPs, but is similar for all MVs.

Figure 4.5.5presents the averagef the LSE-AJTT Cobb-Douglas and Translog efficiency
scores for each Australian DNSP in the long perioand compares them to the efficiency scores
from the standardLSE models and the comparative Opex PFPThe efficiency scores and
rankings of theLSE-AJTT modelsare broadly aligned with those from the standard models.
The efficiency scores for Australian DNSPs from the longeriod LSECD and LSETLG
models show strong correlations with thenultilateral Opex PFP index, at 0.757 and 0.80,
respectively. These correlations armarginally higher than those observed in the standard
LSECD and LSETLG models (0.741 and 0.798espectively.

Figure 4% AverageEfficiency Scores by DNSP (22023)
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Table4.53 LSEAJTT. Parameter Estimates
LSECD - LongPeriod LSETLG- LongPeriod

Variable Coefficien SE toratio Coefficien SE tdratio
lyl 0.616 0.068 9.01 0.471 0.076 6.23
ly2 0.217 0.032 6.81 0.216 0.032 6.86
ly3 0.134 0.059 2.26 0.269 0.064 4.23
lyll -0.388 0.490 -0.79
ly12 0.270 0.114 2.37
ly13 0.066 0.389 0.17
ly22 -0.016 0.039 -0.40
ly23 -0.236 0.094 -2.53
ly33 0.237 0.309 0.77
1z1 -0.100 0.023 -4.39 -0.103 0.025 -4.10
yr 0.004 0.002 2.16 0.006 0.002 3.20
jur2 -0.416 0.106 -3.92 -0.471 0.105 -4.49
jur3 -0.166 0.104 -1.60 -0.273 0.103 -2.65
dz2 -0.133 0.147 -0.91 -0.184 0.156 -1.18
d3 -0.433 0.118 -3.67 -0.461 0.118 -3.90
d4 -0.283 0.121 -2.35 -0.360 0.122 -2.96
d5 -0.325 0.113 -2.88 -0.375 0.121 -3.09
deé -0.103 0.130 -0.79 -0.181 0.150 -1.20
d7 -0.304 0.140 -2.17 -0.444 0.158 -2.80
das -0.377 0.129 -2.93 -0.262 0.138 -1.90
do -0.703 0.120 -5.87 -0.774 0.124 -6.22
dio -0.655 0.123 -5.30 -0.735 0.129 -5.70
dil -0.547 0.120 -4.58 -0.563 0.127 -4.44
di2 -0.529 0.133 -3.97 -0.553 0.132 -4.18
di3 -0.626 0.125 -5.00 -0.530 0.138 -3.85
dt1 -0.015 0.015 -0.99 -0.019 0.015 -1.23
dt2 -0.034 0.015 -2.21 -0.034 0.015 -2.29
dt3 0.004 0.009 0.43 0.002 0.009 0.27
dt4 -0.015 0.010 -1.57 -0.016 0.010 -1.63
dts 0.000 0.007 0.05 -0.001 0.007 -0.21
dté -0.018 0.010 -1.75 -0.022 0.010 -2.11
dt7 -0.010 0.013 -0.78 -0.011 0.013 -0.91
dt8 -0.004 0.011 -0.36 -0.004 0.011 -0.33
dt9 0.001 0.008 0.13 0.000 0.008 -0.04
dt10 0.019 0.010 1.97 0.017 0.010 1.77
dt11 0.010 0.009 1.16 0.009 0.008 1.08
dt12 0.000 0.013 0.01 -0.002 0.012 -0.14
dt13 -0.011 0.010 -1.08 -0.013 0.010 -1.30
t-nz 0.022 0.003 6.71 0.022 0.003 6.75
_cons 2.419 3.709 0.65 -1.528 3.733 -0.41
rho 0.732 0.725

R2 0.992 0.992

Adj. Pseudo®R 0.981 0.984

N 1,098 1,098
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Figure 45.6 illustrates the trends in efficiency scores over time fahe LSECD and LSETLG
long samplemodels

Figure 4.% LSEAJITEfficiency Trends by DNSP
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4.5.4 LSEAJTTGTC LSE timevarying inefficiency through interactiofa Jurisdictional
Time Trend Variable & General Techrtenge

This specificationdiffers from the specification in section 4.8. by including the GTC terms
instead of the year variableThe results of estimating the Cobibouglas and Translog versions
with the long sample are presented in Table 4%6.The coefficients on the primary log output
variables have the expected signs and are statistically significaitte undergrounding share
variable is negative and statistically significant in both models.

Regarding MVs n the longperiod model, overall, 8.1 per cent of the Australian sample and
22.9 per cent of the total sample are affecte@he LSE-AJTT -GTC model performs better than
the standardLSETLG specifications in terms of reducing monotonicity violationsHowever,
it does not perform as well as the LSBDTT -GTC model in terms of frequency of MVs.

Figure 4.57 presents the averagef the LSE-AJTT-GTC CD and TLG efficiency scores for
each Australian DNSP in the long periocand compares them to thaverageefficiency scores
from the standardLSE models and the comparative Opex PFPThe efficiency scores and
rankings of theLSE-AJTT-GTC models are broadly aligned with those from the standard
models.

Figure 4.5.7 AverageEfficiency Scores by DNSP (220&3)
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Figure 45.8 illustrates the trends in efficiency scores over time fdhe long samplemodels
The efficiency scores for Australian DNSPs from the longeriod LSECD and LSETLG
models show strong correlations with thenultilateral Opex PFP measures, at 056 and 0.812,
respectively. These correlations armarginally higher than those observed in the standard
LSECD and LSETLG models (0.741 and 0.798espectively.
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Table4.54 LSEAJTFGTCParameter Estimates
LSECD - LongPeriod LSETLG- LongPeriod

Variable Coefficien SE toratio Coefficien SE toratio
lyl 0.646 0.063 10.18 0.527 0.071 7.45
ly2 0.211 0.030 7.10 0.208 0.030 7.01
ly3 0.112 0.056 2.01 0.222 0.059 3.76
ly11 -0.231 0.475 -0.49
ly12 0.210 0.109 1.94
ly13 -0.019 0.376 -0.05
ly22 0.008 0.037 0.22
ly23 -0.204 0.090 -2.28
ly33 0.283 0.297 0.95
1z1 -0.104 0.021 -5.00 -0.101 0.023 -4.33
gtc2 0.013 0.012 1.07 0.016 0.012 1.28
gtc3 0.061 0.016 3.80 0.066 0.016 418
gtc4 0.061 0.018 3.31 0.070 0.018 3.82
gtcS 0.054 0.021 2.61 0.066 0.020 3.22
gtc6 0.007 0.022 0.33 0.023 0.022 1.02
jur2 -0.422 0.094 -4.50 -0.480 0.095 -5.08
jur3 -0.168 0.091 -1.84 -0.267 0.092 -2.90
d2 -0.141 0.128 -1.10 -0.203 0.141 -1.45
d3 -0.439 0.101 -4.34 -0.479 0.103 -4.65
d4 -0.286 0.106 -2.71 -0.358 0.109 -3.29
ds -0.334 0.099 -3.37 -0.388 0.110 -3.54
deé -0.107 0.113 -0.95 -0.184 0.134 -1.37
d7 -0.311 0.123 -2.54 -0.447 0.143 -3.13
ds -0.392 0.111 -3.54 -0.302 0.123 -2.46
do -0.718 0.104 -6.89 -0.777 0.111 -7.03
dio -0.661 0.109 -6.08 -0.735 0.116 -6.34
dil -0.559 0.105 -5.33 -0.574 0.115 -5.01
di2 -0.534 0.117 -4.56 -0.545 0.119 -4.59
di3 -0.644 0.110 -5.84 -0.574 0.126 -4.56
dtl -0.012 0.014 -0.88 -0.015 0.014 -1.05
dt2 -0.032 0.014 -2.28 -0.031 0.014 -2.28
dt3 0.006 0.007 0.90 0.006 0.007 0.82
dt4 -0.013 0.009 -1.45 -0.013 0.009 -1.43
dts5 0.003 0.006 0.43 0.002 0.006 0.28
dt6 -0.015 0.009 -1.72 -0.018 0.009 -1.97
dt7 -0.008 0.011 -0.69 -0.008 0.011 -0.71
dt8 -0.001 0.010 -0.12 -0.001 0.010 -0.06
dt9 0.004 0.007 0.53 0.003 0.007 0.39
dt10 0.022 0.009 2.46 0.020 0.009 2.31
dt11 0.012 0.008 1.64 0.012 0.008 1.57
dt12 0.003 0.011 0.27 0.002 0.011 0.18
dt13 -0.008 0.009 -0.88 -0.009 0.009 -1.01
t nz 0.025 0.003 8.34 0.026 0.003 8.69
_cons 10.383 0.093 111.88 10.380 0.093 111.17
rho 0.696 0.695

R2 0.992 0.993

Adj. Pseudo®R 0.981 0.984

N 1,098 1,098
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Figure 4.8 LSEAJTIGTEfficiency Trends by DNSP
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4.6 Cornwell et al (1990) models

In the FECSS model, inefficiency is captured through a fixed effect for each firm combined
with a firm-specific quadratic time trendWe test two specifications of the FECSS model: the
first uses the standard technical change variable, while the second incorporates a general index
of technical change (GTC)Only a brief summary of the empirical results is presentdtere*®

4.6.1 FECSS Model

Considering both the CobBDouglas and Translog specifications across the long and short
periods, none of the coefficients are statistically significant at the 5 per cent leeadcept for
the coefficient on circuit length in the Translog model during the short period. As a result, the
estimated output elasticities are inconsistent with expectations. Moreover, the incidence of
monotonicity violations is extremely high, affecting 9.6 per cent of the Australian sample in
the long period and 100 per cent in #short period.

4.6.2 FECSSTC Model

This specification extends the model presented in Section 4.6.1 by incorporating GTC
variables. Across both the CobiiDouglas and Translog forms, and for both the long and short
periods, almost all coefficients fail to reach statistical significance at theer cent level apart
from the circuit length coefficient in the shorperiod Translog model. In addition, the rate of
monotonicity violations is exceptionally high, impacting 81.6 per cent of the Australian
sample in the long period and the entirety ohe sample in the short period.

The shortcomings of the FECSS models can be ascribed to two characteristics of these models.
Firstly, they include a fixed effect for each DNSP. As seen in section 3.2.1, the introduction
of fixed effects for all DNSPamakes it difficult to identify the output elasticities, becausaish

of the sample data variation relied on to identify the main parameters of the model is cross
sectional variations which in this model is captured by the fixed effectsSecondly, there are
DNSP-specific coefficients on bottthe time trend and the squared time trend, and with 61
DNSPs in the sample, there are a great many parameters. This results in diténg.

4.7 Concluding Comments

By testing the models proposed in the theoretical section, we confirmed the challenges
associated with maximum likelihood estimationof more complex SFA models While the
more sophisticatedSFA models are theoretically appealing, they often present difficulties in
terms of estimation stability ancoptimization. This proved to be the case for the most flexible

of the models we tested, the fouromponent model. Among the bc95 models we tested, only
one produced sufficiently reliable results that for it to beonsidered a candidate. Among the
kumb90, the four models presented can be considered candidate models, having produced

6 Details of these models can be found in Attachment B.
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reasonably reliable resultfor the long sample periodThe reliability of these models appears
to decrease as the models beconmeore complex. However, while the jurisdiction-specific
model performs better interms ofmonotonicity violations, the DNSP-specific approach offers
greater flexibility in efficiency scores

In contrast, the LSEtime-varying models proved to be more robust and consistent across
specifications and time periodsThis reflects their relative simplicity compared with the SFA
models, which are more complex as the stochastic term comprises two componemikite
noise and inefficiency with the latter identified through the composeekrror formulation. The
LSE models have a simple white noise disturbance, permitting a more straigbtward
computation. Hence some of theLSE models that include DNSRspecific efficiency trends
are reasonably reliable and can be considered candidatedels. This is not the case for the
highly flexible FECSS modelswvhich were unsuccessful in identifying the main parameters of
the opex model.

Most of the candidatetime varying modelsshow meaningful improvementsvhen estimated
with the long-period sample,compared to standard applications including a reduction in
monotonicity violations and successfulimproved correlation of estimated efficiency scores
with the multilateral Opex PFP index.In contrast, the models encountered difficulties when
estimated with the shorperiod sample, suggesting that sample size may influence their
performance.In Section 5, we assess all models against the established evaluation criteria and
present a comparative analysis of their relative strengths and limitations.
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5 Preliminary Assessmeiitimevarying Inefficiencilodeling
Alternatives

In this section, we evaluate the remaining model alternatives against selected statistical criteria
(see section 2.3)This includes assessing the performance of the tiwarying specifications to
determine whether they offer meaningful improvements over the current framework. The goal
is to identify whether any of the tested approaches merit adoption based on the essaled
evaluation criteria.

As mentioned in section 5, v give greatest attention to the long sample period for time
varying inefficiency models, as they are capable of directly accounting for changes in
inefficiency, which may reduce the need for, or weight given to, the short sample results.
Further, particular emphasis should be placed on the performance of the Cébouglas
models, as they have proven the most reliable in previous applications.

5.1 Comparativeassessment ofime Varying mode#dternatives

5.1.1 Convergence of Maximum Likelihood Estimation

As discussed, the SFA models which use maximum likelihood estimatiqgMLE) sometimes

do not converge properlyor fully, producing messages suchasc onver genceornot
0cannot comput e-falnati mpe @ivae moe @iling o estirhate sane or

all parameter standed errors Table 5.1 summarises the convergence results for the
BC95JTT-HN model presented in section .8 and the four Kumb90 modelspresented in
section 4.4 in compaiison to the standard models from ABR24.

Table5.1 MLE Convergence

LongPeriod ShortPeriod
SFACD SFATLG SFACD SFATLG
Standard ABR24 Models oy oy oy X
BC95JTT-HN oy oy (b) (b)
Kumb9BJTT-HN oy oy (b) (b)
Kumb9@JTT-HN-GTC Oy Oy Oy Oy
Kumb9BAJTT-HN oy oy (b) (b)
Kumb9GAJTT-HN-GTC Oy oy Oy XO

Notes: (a)oconvergence not achieved .
(b ganndt compute an improvement-flat region encountered .
(c) Failed to estimate some or all parameter stanahberrors.

The results in Table 51 show that most of the timevarying SFA modelspresented in sections
4.3 and 4.4have someconvergenceproblemsin the shortterm. The cells with crosses either
failed to converge or failed or estimate some or all of the parameter standard errors. This
means the short sample SFATLG models for ABR24 antKkumb90-AJTT-HN-GTC are
precluded from further consideration.

80

act



Quantonomics
Benchmarking Opex Model Development QUANTITATIVE ECONOMICS

Note that we do not considet he case of ocannot € fanrpgion e
e n ¢ o u n mnexessadyd means the model solution is unsatisfactoryt. ¢ould be that it
converged to a local optimum rather than the global optimum and the neighbourhood around
that optimum happens to be flat hence no improvemens possible in that neighbourhood.
This can happen even to othetasesthat do not display this specific message. Nonetheless,
we highlight it as a point of caution.

5.1.2 TheoryConsistenParameter Signs and Monotonicity Violations

Table 52 compares theconsistency with economic theoryperformance of the timevarying
SFA models with the standardSFA ABR24 specifications Only the long sample period results
are presentedfor reasons given, andlue to the poor convergence performanca the short
period models In the standard models all models apart from the shorsample SFATLG
model (which failed to converge)deliver output and undergrounding coefficients with the
correct signs and statistical significance. However, they perform qgudy on monotonicity,
especially for Australian DNSPs

The BC95JTT-HN models improve markedlyover the standard modelsAcrossboth CD and
TLG specificatiors and both sampleperiods, the output coefficients retain the expected signs

and significance, and the undergrounding term remains consistently negative and significant.

Monotonicity violations fall to 9.8 per cent in the longperiod SFATLG and 34.6 per cent in
the shortperiod vasion for Australian sample. The total sampleshows a similar patternof
improvement

For Kumb90-JTT-HN models, the output coefficients again display the correct signs and
significance Whilst the undergrounding coefficienis negative in long sample mode|sand in
the SFATLG in the short period, it is positive (but insignificant) in the SFACD short period
Monotonicity violations are fully eliminated in the longperiod model for both Australian
DNSPs and the total sample. In the short perigdhere arejust 3.8 per centof monotonicity
violations for Australian DNSPs and 22.1 forthe total sample In terms of MVs this model
outperforms both the standard and BC95 variants.

In the Kumb90-JTT-HN -GTC models, all specifications produce significanpositive output
coefficients The undergrounding coefficient imegativeonly in the SFACD long period model
and positive in all other models (though it is significant only in the shortperiod SFATLG).
Monotonicity violations are again eliminated in the longperiod model across both Australian
DNSPs and the total sample and are reduced to below 9.0 per cent in the shomtiod.

By contrast, the Kumb9GAJTT-HN models perform poorly in terms of monotonicity
violations. In the long-period specification, more than 50 per cent of the Australian sample is
affected by MVs.While the output coefficients have the correct signand are statistically
significant, the undergroundingcoefficientfails to meetthe expected coefficient criteria ithe
short-period SFATLG, where it is positive but not statistically significant
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Table5.2 Consistency with Economic Theqi$FAVodels Performance

FirstordeiOutput Coefficients Undergrounding MVs (%)

Correct Signs ~ Significance* negative**  Australia  Total
Standard SFACD -LP Oy Oy Oy 0.0 0.0
ABR24 Models SFATLG -LP Oy Oy Oy 79.5 45.4
SFACD - SP Oy Oy Oy 0.0 0.0

SFATLG -SP NA NA NA NA NA
BC95 SFACD -LP Oy Oy Oy 0.0 0.0
JTT-HN SFATLG -LP Oy Oy Oy 9.8 14.8
SFACD - SP Oy Oy Oy 0.0 0.0
SFATLG -SP Oy Oy Oy 34.6 23.6
Kumb90 SFACD -LP Oy Oy Oy 0.0 0.0
JTT-HN SFATLG -LP Oy Oy Oy 0.0 0.0
SFACD - SP Oy Oy X 0.0 0.0
SFATLG -SP Oy Oy Oy 3.8 221
Kumb90 SFACD -LP Oy Oy Oy 0.0 0.0
JTT-HN-GTC  SFATLG -LP Oy Oy X 0.0 0.0
SFACD - SP Oy Oy X 0.0 0.0
SFATLG -SP Oy Oy X 8.3 8.1
Kumb90 SFACD -LP Oy Oy Oy 0.0 0.0
AJTT-HN SFATLG -LP Oy Oy Oy 55.1 27.0
SFACD - SP Oy Oy Oy 0.0 0.0
SFATLG -SP Oy Oy X 15.4 20.1
Kumb90 SFACD -LP Oy Oy Oy 0.0 0.0
AJTT-HN- SFATLG -LP Oy Oy X 54.7 29.8
GTC SFACD - SP Oy # X 0.0 0.0
SFATLG -SP NA NA NA NA NA

Notes: * Oyindicates significance at 0.05 level; # indicates significance at 0.10 level.
** |rrespective of statistical significance.
NA means the model did not produce standard errors.

The Kumb90-AJTT-HN-GTC is successfully estimated only for the lorgeriod sample. In
the shortperiod SFATLG specification, the model fails to produce standard errors for the
coefficients, while in the shorfperiod SFACD model, one of the output variableRMD) is

not statistically significantat 5 per cent level, although it is significant at 10 per cent levEbr

the long period, the output coefficients display the expected signs and are statistically
significant. The rate of monotonicity violations ishigh, approximately 55 per cent for
Australian DNSPs and 30 per cent across the full samplen improvement over the standard
model, though still less favourable than other Kumb90 specifications

In summary, the BC95JTT-HN models haveoutput and share of undergroundingoefficients
with the expected signs and statistical significan@nd are the only models that use thlbc95
formulation that are successfulAmong the kumb90 formulations, theKumb90-JTT-HN and
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Kumb90-JTT-HN -GTC models achieve the best results, eithesliminating MVs entirely or
redudng them to minimal levels.

Table 53 compares theconsistency with economic theoryperformance of the timevarying
LSE models with the standard ABR24_SE specifications.The standard and timevarying LSE
models do not present any issues with coefficient signs or statistical significance

Table5.3 Consistency with Economic TheqiySE Models Performance

FirstorderOutput Coefficient Undergrounding MVs (%)

Correct Signs Significane* ~ hegative*™  aAystralia  Total
LSECD -LP Oy Oy Oy 0.0 0.0
Standard LSETLG -LP Oy Oy Oy 22.2 21.9
ABR24 Models LSECD - SP Oy Oy Oy 0.0 0.0
LSETLG -SP Oy Oy Oy 48.7 36.6
LSECD -LP Oy Oy Oy 0.0 0.0
LSEADTT LSETLG -LP Oy Oy Oy 111 18.7
LSECD - SP Oy Oy Oy 0.0 0.0
LSETLG -SP Oy Oy Oy 1.3 21.6
LSECD -LP Oy Oy Oy 0.0 0.0
LSE-ADTT- LSETLG -LP Oy Oy Oy 0.0 16.7
GTC LSECD - SP Oy Oy Oy 0.0 0.0
LSETLG -SP Oy Oy Oy 0.0 20.6
LSECD -LP Oy Oy Oy 0.0 0.0
LSEAITT LSETLG -LP Oy Oy Oy 8.1 19.9
LSECD - SP Oy Oy Oy 0.0 0.0
LSETLG -SP Oy Oy Oy 0.0 19.7
LSECD -LP Oy Oy Oy 0.0 0.0
LSE-AJTT- LSETLG -LP Oy Oy Oy 8.1 22.9
GTC LSECD - SP Oy Oy Oy 0.0 0.0
LSETLG -SP Oy Oy Oy 0.0 19.7

Notes: * aOyindicates significarce at 0.05 level; a # indicates significance at 0.10 level.
** |rrespective of statistical significance.
NA means the model did not produce standard errors.

In terms of monotonicity violations, the standard specification shows notablesues with 22.2
per centof Australian observationsaffectedin the SFATLG long period and 48.7 per cent in
the short period. The LSEADTT improves on this, reducingMVs for Australian DNSPs to
11.1 per cent in the long period and 1.3 per cent in the short period. The LADBTT -GTC
model performs even better, fully eliminating violations in both periods for the Australian
sample. The LSEAJTT model shows good results in the longperiod (8.1 per cent)and
eliminates the MVs in the short period forthe Australian sample The LSE-AJTT-GTC has
MV results similar to theLSE-AJTT model.
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In summary, all tested LSE timevarying models perform better than the standard LSE model
in terms of monotonicity violations. The LSEADTT -GTC model shows the bestMV
performance, closely followed by the LSEAJTT and LSE-AJTT-GTC specifications.

5.1.3 Reasonableness of Output Elaggsit

This sectionevaluates the cost outputelasticitiesderived from the models'’ Unlike the CD
specification which assumes constant elasticities, th& @ specification allows elasticities to
vary across observations. Consequently, the output elasticities for the@ models reported
here have been calculated at the sample mean.

Figure 5.1 presents the cost output elasticities for each output variaf@ealuated at the sample
mean for the TLG models)and the totalof the costelasticities forthe long-period SFA models.
Across all specificationsshown, the total output elasticity is close to 1, suggesting near
constant returns to scalen average The standard ABR24 models exhibit the lowest total
output elasticities (0.2 for SFACD and 0.927 for SFATLG), whereas theKumb90-AJTT -
HN and Kumb90-AJTT-HN-GTC Translog models have totaloutput elasticities slightly
greater than 1(1.071to 1.003), indicating diseconomies ofscale.

In terms of individual outputs, in the standard models mst weight is placed on RMD,

followed by customer numbers and circuit length. The timyearying inefficiency models place
most weight in customer numbers. In most casesircuit length hasa lower elasticity than

RMD, with the exceptiors of the Translog versions ofKumb90-AJTT-HN and Kumb90-

AJTT-HN-GTC. The comparative sizes of the output elasticities are reasonably dstent

between the CD and TLG versions these modelKumb90-JTT-HN is the most consstent in

this way.

Figure 5.2 illustrates the cost output elasticities for each output and the total elasticity for each
specification of the longperiod LSE models.In terms of individual outputs, all models place
the greatest weight on customer numbers. When the specification is Céblouglas, circuit
length is typically the second most heavily weighted output, followed by RMD. In contrast,
under the Translog specifiation, this order is changed, with RMD receiving more weight than
circuit length. The only exception to this pattern is the standard LSETLG model, which places
the greatest weight on RMD, followed closely by customer numbers, with circuit length
receivingthe least weight As a general rule, the LSETLG models have higher elasticities for
RMD and lower elasticities for customer numbersompared tothe LSECD models.

" Cost output elasticity reflects the percentage change in cost associated with a 1 per cent change in otpet.

sum of the elasticities for each output is the total output elasticitp total output elasticity equal to 1 indicates
constant returns to scaleie, costs increase proportionally with output. If the elasticity is less than 1, it suggests
economies of scale, meaning a 1 per cent increase in output results in a less than 1 per cent increase in cost.
Conversely, an elasticity greater than 1 implies disewomies of scale, where costs increase more than
proportionally with output. A negative elasticityfor any individual output indicates a violation of monotonicity,

the theoretic requirement thatncreasing outputcannotreduce costs

84



Quantonomics

QUANTITATIVE ECONOMICS

SFA Cost Elasticify.ong Period
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1.10

Figures 5.3 and 5.4 present the cost output elasticitiefor the shortperiod SFA and LSE

modelsrespectively
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SFA Cost Elasticiyshort Period

Figure5.3
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5.1.4 Goodness of Fit Performance

Table 54 presents the Pseudéddjusted R2 andBayesian Information Criterion (BIC) results
across the standard and timearying SFA model specifications’® Lower values of BIC imply
penalise the

a Obetter fitéo.

Both measures
only marginal explanatory power could reduce the goodnesd-fit.

While these goodnes®f-fit indicators are useful, caution is required in their application. BIC

is suitable for comparing models with different functional forms or variables, but only when
they belong to the same model familgin particular, the same likelihood framework, the same
data and the same scale of the dependent variabl8}rictly speaking, BIC is less reliable, and
potentially questionable, when models come from different statistical families or assume
different distributions for the same outcora. In this context, it is therefore only appropriate to
compare the Kumb specifications against each othdihe PseudeAdjusted R2 is more flexible
than BIC, though less theoretically grounded. It can be applied across different model families,
provided that the dependent variable remains on the same scale and the same data are used.

Table5.4 Goodness of F¢ SFA Models Performance

Pseudo Adj. R BIC
Long Period Short Period Long Period Short Period
SFACD 0.991 0.993 -1103 -833
Standard ABR24 Models SFATLG 0.992 NA -1108 NA
avg 0.992 NA -1105 NA
SFACD 0.997 0.996 -432 -387
BCO5JTT-HN SFATLG 0.997 0.997 -504 -485
avg 0.997 0.997 -468 -436
SFACD 0.994 0.996 -1503 -1245
Kumb9GJTT-HN SFATLG 0.994 0.997 -1477 -1239
avg 0.994 0.996 -1490 -1242
SFACD 0.994 0.996 -1441 -1242
Kumb9@JTT-HN-GTC  SFATLG 0.994 0.997 -1418 -1229
avg 0.994 0.997 -1430 -1236
SFACD 0.994 0.997 -1470 -1235
Kumb9GAJTT-HN SFATLG 0.994 0.997 -1456 -1214
avg 0.994 0.997 -1463 -1225
SFACD 0.994 0.997 -1410 -1206
Kumb9BAJTT-HN-GTC  SFATLG 0.994 NA -1396 NA
avg 0.994 NA -1403 NA

®o06 ¢fl Taa Ofa & , wherel Ta dis the is the loglikelihood of the fitted model, Qis the number of

estimated parameters and is the number of observationsPseudeAdjusted R2= p

p

N

3

pj ¢ T,

wherer is the Pearsoncorrelation coefficient between the actual and predicted values of the dependent variable
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Some observations from Table 8:

1 The standard ABR24 models have a substantially lower Pseuddjusted R2 than the
other models shown. The average for the longeriod standard modelsis 0.91,
compared to 0.97 for the BCO9QTT-HN model, and 0.94 for all of the Kumb90
models.However, the pseudeadjusted R2 values are not sufficiently distinct acro$ise
time-varying models toallow any definitive conclusions.

1 Using the BIC, the standard model@average value 0161105 in the long period is
inferior to the Kumb90 models, which average frond1403to 1490.

1 The BC95JTT-HN yields the least favourable BIC score¥.However, as noted above,
BIC is not a reliable criterion for comparing models from different families, and a lower
BIC for BC95-JTT-HN does not necessarily imply a poorer goodness-fit relative to
the others.

1 Allthe Kumb90 models have a similar average Pseudaljusted R2(in the long period,
0.94). In terms of BIC, Kumb90-JTT-HN & average BIC value 0161490 in the long
period outperformsthe other Kumb90 models.The Kumb90-AJTT-HN model ranks
second in the long period (BIC =01463).1t is important to note, that this is arguably
only a small loss of fit given that th&umb90-AJTT -HN model provides for a separate
inefficiency time trend for each DNSP.

These findings suggest thahe time-varying SFAmodels perform similarly in terms ofPseude
Adjusted R?. Within the Kumb90 specifications the Kumb90-JTT-HN model offers the most
favourable tradeoff between model fit and parsimony, as indicated by the BIC.

Turning to the LSE models,Table 55 presens the results of Pseudo Adjusted Racross the
standard and time varying LSE alternative model8IC is not available for the panetorrected
standard error models used for LSE estimatiofthe LSE-AJTT and LSE-AJTT -GTC models
exhibit the best overall fit among the LSE specifications, with average Psed@®values of
0.983 for the long period and 0.986 for the short period. The other alternative tifrend LSE
models follow closely, with only slightly lower fit measures. These results represent only
marginal improvements over the standard ABR24 LSE models, which record the lowest
PseudeR? values in the group averaging 0.980 in the long period and 0.983 in the short.
Given the small magnitude of these differences, the gains in model fit may not be particularly
meaningful in practical terms.

*This discrepancy reflects the lower lotikelihood values of the BC95 specification. For example, the CD version
of the BC95JTT-HN model has a log likelihood of 261.8, compared to 800.6 for CD version of the KumbQI' T-
HN model.
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Table5.5 Goodness of F§ LSE Models Performance

Pseudo Adj. R2
Long Period Short Period

LSECD 0.979 0.981
Sta”ﬁﬂ%rgelAsBRm LSETLG 0.981 0.984
avg 0.980 0.983

LSECD 0.980 0.982

LSE-ADTT LSETLG 0.982 0.986
avg 0.981 0.984

LSECD 0.980 0.982

LSEADTT-GTC  LSETLG 0.983 0.986
avg 0.982 0.984

LSECD 0.981 0.984

LSE-AJTT LSETLG 0.984 0.987
avg 0.983 0.986

LSECD 0.981 0.984

LSEAJTT-GTC  LSETLG 0.984 0.987
avg 0.983 0.986

5.1.5 Statistical Tests Performance

Table5.6 presents key diagnostic statisticassessing multicollinearity, normality of residuals,
the presence of severe outliers, and the joint significance Bfanslog parametersof the
different SFA model specificationsSome results are consistent across all models.

There is no evidencdo support the assumption of normally distributed residuat®r any of
the models as indicated by theShapiroWilk normality of residuals test. An important reason
for this will be relatively fat tails, as indicated by thepercentage of severe outlierSSevere
outliers comprise about0.0002% of the normal population so although the percentages of
severe outliers appear to be small, they are inconsistent with normality. Averaging over the
two long-sample models in each group, the standd models have the lowest rates of severe
outliers (009%), followed by Kumb90JTT-HN-GTC with the second lowest(0.23%) then
Kumb90-JTT-HN (0.27%), Kumb90-AJTT-HN (0.32%), BC95JTT-HN (0.37%) and
Kumb90-AJTT -HN (0.41%).

The multicollinearity statisticsreported in Table 5.6 the averagevariance inflation factor
(VIF) and the Condition Numberi are consistent across some groups of models because they
only depend on thevariables determiningthe efficiency frontier, and not the z-variables that

are determinants othe inefficiency term. The MWbb-D ouglasspecifications, across all models
and periods, exhibit muchlower VIFs and Condition Numbers compared to the Translog
models, which havesevere multicollinearity. This is because themultiple interaction and
squared terms lead to high correlation among regressoifdis is an important reason why the
Cobb-Douglas models continue to be important, even when thé%order terms in the Translog
models are jointly statistically significant. Among the timevarying models, the Kumb9@JTT-
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HN-GTC and Kumb90-AJTT-HN -GTC models have lower multicollinearity than the other
models. This is because of the reduced collinearity between the measurement of technical
change and timevarying inefficiency.

Table5.6 Statistical Tests SFA Models Performance

Multicollinearity Normality % TLG Joint

Specification
of Severe Parameters :
Avg Cond.  Residuals Outlier Significance Link Test
VIF No
SFACD -LP 250 10842 X 0.18
SAtaB’;gz"";d SFATLG -LP 7141 1641.0 X 0.00 oy
Models  SFACD - SP 259 16195 X 0.27
SFATLG -SP NA NA  NA NA NA
SFACD -LP 250 10842 X 0.64 X
BCO5  SFATLG -LP 7141 16410 X 0.09 Oy X
JTT-HN  SFACD - SP 259 1619.5 X 0.27 oy
SFATLG -SP 7175 24275 X 0.27 oy X
SFACD -LP 250 10842 X 0.27 X
Kumb90 SFATLG -LP 7141 1641.0 X 027 oy X
JTT-HN  SFACD - SP 259 16195 X 0.14 X
SFATLG -SP 7175 24275 X 0.28 oy X
SFACD -LP 166 22.2 X 0.27 X
J"T‘J'Trf‘ﬁf\’lc_’ SFATLG -LP 5475  367.0 X 0.18 oy X
Grc  SFACD - SP 205  22.6 X 0.41 X
SFATLG -SP 6219  366.7 X 0.27 oy X
SFACD -LP 250 10842 X 027 X
Kumb90 SFATLG -LP 7141 16410 X 0.36 oy Oy
AJTT-HN  SFACD - SP 259 16195 X 0.41 X
SFATLG -SP 7175 24275 X 0.41 oy X
cumbeg SFACD P 166 222 X 0.45 X
AJ#?_H?\?_ SFATLG -LP 5475 3670 X 0.36 oy Oy
GTc  SFACD - SP 205  22.6 X 055 X
SFATLG -SP NA NA  NA NA NA NA

The joint significance of theTranslog parameters is confirmed in all SFATLG models. In
every case, the additional parameters introduced in the Translog specification are statistically
different from zero, supporting their inclusion and justifying the added model complexity.

Finally, the specification link test indicates potentiaiisspecification in most modelsAmong

the longperiod models, only the Translog versions of Kumb98JTT-HN and Kumb90-
AJTT-HN-GTC satisfy the link test. These models have separate trends for inefficiency for
each Australian DNSP and the two overseas jurisdictiongor all other models where the test
was conducted, the results suggest potential misspecification, implying that the model may be
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omitting relevant variables or misrepresenting the functional formThe link test is not
available for the standard ABR24 models st i mat ed xtfeomtiecgmngndat a d s

Table 57 presents key diagnostic statistider the LSE models assessing multicollinearity,
normality of residuals, the presence of severe outliers, and the joint significance of Translog
parameters.Note that the link testfor model specification is notavailable afterS t a «&tpcées
command.

Table5.7 Statistical Tests LSE Models Performance

Multicollinearity Normality of % Severe TLG Joint

; . Parameters
Avg VIF Cond. No Residuals  Outlier Significance
SFACD -LP 15 1,107 X 0.00
Standard ABR24 SFATLG -LP 714 1,641 X 0.00 n
Models SFACD - SP 15 1,650 X 0.00
SFATLG -SP 718 2,428 X 0.00 n
SFACD -LP 311,380 9,061 X 0.27
SFATLG -LP
LSEADTT 264,608 13,100 X 0.18 n
SFACD - SP 710,855 13,637 X 0.00
SFATLG -SP 604,380 19,730 X 0.00 n
SFACD -LP 9 25 X 0.46
LSEADTT-GTC SFATLG -LP 390 487 X 0.36 n
SFACD - SP 9 27 X 0.00
SFATLG -SP 400 497 X 0.00 n
SFACD -LP 9 1,589 X 0.55
SFATLG -LP .
LSEAITT 401 2,463 X 0.46 n
SFACD - SP 9 2,372 X 0.14
SFATLG -SP 412 3,623 X 0.00 n
SFACD -LP 9 26 X 0.55
LSEAITT.GTC SFATLG -LP 381 487 X 0.55 n
SFACD - SP 9 27 X 0.27
SFATLG -SP 392 498 X 0.00 n

The main observationdrom Table 5.7are:

1 None of the models pass the normality test for residuals, indicating that the residuals
deviate from the normal distribution in all cases.

1 Multicollinearity results vary considerably across specifications. The standard ABR24
LSE models have similar VIFs and Condition Numbers as the standard SFA model,
except the VIF for the LSECD model is lower at 15. In contrast, the LSBDTT
models show extemely high multicollinearity, particularly in the LSECD
specifications. For instance, the longeriod LSECD model reports an average VIF
exceeding 311,000 and a condition number over 9,000. The shpdriod model is even
more extreme, with VIFs above 71@00 and a condition number of 13,637. The
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remaining time-varying inefficiency LSE models perform much better in this regard,
returning low to moderate VIFsof around 9 for Cobb-Douglas, and VIFs of around
400 for TLG. The condition numbers suggest that the LSBJTT model also exhibits
high multicollinearity. The LSE-ADTT -GTC and LSE-AJTT-GTC have condition
numbersof around 25 for the CD versions and around 500 for TLG versions. This
suggests that uag the GTC termsrather than the time trendhelps to resolve the
multicollinearity issue.

5.1.6 Plots of Residuals versus Fitted Values

In a well-specified model, a residual versus fitted values plot should display residuals that are
randomly scattered around zero, with no clear patterns or structure. This randomness suggests
that the model is capturing the main systematic variation in thdata, leaving only random
noise in the residuals. Ideally, the spread of residuals should be consistent across the range of
fitted values (homoskedasticity), and there should be no clustering by subgroups such as
jurisdiction. If the residuals show systemtic patterns, such as trends, banding, or group
specific clustering, it may indicate issues like omitted variables, model misspecification, or
unaccounted heterogeneity in the data.

Figures 5.5 to 5.10 plot the residuals versus fitted values for the six SFA models, including the
standardABR24 SFA model, the BC95JTT-HN, and the four Kumb90 specifications. Figures
5.11 to 5.15 plot the residuals versus fitted values for the five LSE models, including the
standard LSE model, and the four timevarying LSE specificationsIn these chartsAustralian
data pointsare shown inblue, Ontario in green and New Zealand in red. Because of different
scalesof DNSPs, Australian data points are mody found on the righthand sideand New
Zealandd en the lefthand side. Onario has data points across the full scale, but more among
the smaller utilities on the leftSome observations from these plots:

1 Figure 5.5, Standard SFAhere is no clear funnekhaped pattern(one common
indicator of heteroscedasticitybut the vertical spread of residuals does vary depending
on the fitted value range and jurisdiction. A notable feature is vertical stripespecially
among the Australianobservationsbut also for NZ and Ontario. These clusters suggest
that some DNSPs have fitted values that are relatively stable over time but exhibit
noticeable residual variability, potentiallyindicating that the modek are not fully
capturing some spefic characteristics of certairDNSPs, or that the predicted values
for those DNSPs do not change over time even though the actual data doeg&nother
feature is the apparently high number of outliers among the Australian and New
Zealand DNSPs.

Figure %, BCO95JTT-HN: Vertical striping patternsare no longer present. Instead, we
now observe curved, rightwarebending patterns for each group, particularly for NZ
and AUS. This curvature could be related to the way this model handles inefficiency
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which is allowed to vary over time by jurisdiction. While this helps the model capture
long-run differences between countriesikely reducing the strong vertical patterns seen
in the standard modelsit might also introduce some distortion if the trend does not
perfectly match the actual shape of inefficiency across the full range of observations.
The spread of residuals around zero is also narrower compared to the standard model,
suggesting more stable predictions. Overall, the BCIFT-HN model appears to
improve the residual distribution by reducing noise and grougpecific clustering, but
the curved trends suggest further refinements may still be needed

Figures 5.to 510, Kumb90 model variantiese models show clear improvementghen
compared to both the standard model (Figure 5) and the BC95JTT-HN model
(Figure 56). The residuals are more symmetrically distributed around zerespecially
in the Kumb90-JTT-HN model and its GTC variant. The Kumb90 modelsshow wider
dispersion than the BC95 model$ut represent an improvement over the standard
models.

The residual plots indicate that the tim&arying models reduced the number of outliers and
heteroskedasticity among Australian DNSPs compared to the standard modelthough the
BC95 model shows aightward-bending patternsit has very few outliers and its residuals are
tightly centred on zeroThe Kumb90 models, especialikumb90-JTT-HN and Kumb90-JTT-
HN-GTC, display a cleaner residual structure with no visible patterninfhese modelanay
offer greater flexibility in capturing inefficiency dynamics across groups, without introducing
systematic bias or heteroscedastic patterns.

Figures 511 to 5.15 plot the residuals versus fitted values for thifeve LSE models, including
the standard ABR24LSE model, and the fourtime-varying inefficiency specifications.

9 Figure 511, Standard LSE modéVertical striping is present, and outliers are evident.
The residuals are mostly concentrated betweed).5 and 1and appear to be more
dispersed than the standard SFA model

9 Figures 3.2 and 515, timevarying LSE model3hese specifications display similar
residual dispersion patterns and represent an improvement over the standard models.
The number of outliers in the Australian sample is reduced, and the Australian
residuals are more tightly centred around zero.

In summary, the timevarying models show improvements in addressing heteroskedasticity in
the residuals when compared to the standard models. This suggests that incorporating a-time
varying inefficiency component helps mitigate issues related to omittednables present in
the standard specifications.
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Figure 5 Residuals versustted values StandardABR24 SFA Models
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Figure 56 Residuals versustted valuesBC95JTTHNModels
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Figure 57

Residuals versustted values Kumb9GJTTHNModels
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Figure 58

Residuals versustted values Kumb9GJTTHN-GTCModels
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Figure 5

Residuals versustted values Kumb9GAJTTHNModels
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Figure 510 Residuals versustted values Kumb90AJITTHN-GTQModels
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